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Samenvatting
Transcriptionele regulatie is een dynamisch proces dat een belangrijke rol speelt bij het genereren van
genexpressieprofielen tijdens de ontwikkeling van een plant of als reactie op (a)biotische stimuli. De
doelstellingen van dit project bestonden uit twee delen: de eerste omvat de studie van transcriptionele
regulatie en de manier waarop genexpressie wordt georganiseerd in het genoom. De tweede bestaat uit
het toepassen van de verkregen datasets teneinde een functie toe te wijzen aan Arabidopsis transcrip-
tiefactoren en hun doelwit genen die voorheen een onbekende functie hadden.
Het onderzoek beschreven in dit proefschrift begint met de ontwikkeling van een phylogenetic foot-
printing aanpak voor de identificatie van geconserveerde niet-coderende sequenties (CNSen) in Ara-
bidopsis thaliana, die gebruik maakt van de genoominformatie van 12 tweezaadlobbige planten. In deze
benadering werden zowel alignerings als niet alignerings gebaseerde technieken toegepast om func-
tionele motieven te identificeren in een set van meerdere organismen. De werkwijze houdt rekening
met onvolledige motief conservatie en een hoge sequentie divergentie tussen verwante soorten. In totaal
hebben we 69,361 footprints geïdentificeerd gelinkt aan 17,895 genen. Een gen regulatorisch netwerk
werd samengesteld door de integratie van gekende transcriptiefactor bindingsplaatsen, verkregen uit de
literatuur en experimentele studies. Dit netwerk bestond uit 40,758 interacties, waarvan twee derde in
DNase I hypersensitieve plaatsen. Dit netwerk is sterk verrijkt naar in-vivo doelwit genen van gekende
regulerend transcriptiefactoren en de algemene kwaliteit ervan werd bevestigd met behulp van vijf ver-
schillende biologische validatie metrices. Tenslotte werd een proof of concept experiment uitgevoerd
met gedetailleerde expressie en functie-informatie om aan te tonen hoe statische CNSen kunnen wor-
den omgezet in toestandsafhankelijke gen regulerende netwerken. Dit biedt nieuwe mogelijkheden voor
regulerende gen annotatie.
In een daaropvolgende analyse pasten we de bovengenoemde phylogenetic footprinting aanpak toe
voor de identificatie van CNSen in tien tweezaadlobbige planten. Dit leverde 1,032,291 CNSen geas-
socieerd met 243,187 genen op. Om deze CNSen te annoteren met transcriptie factor bindingsplaatsen
hebben we gebruik gemaakt van de bindingsplaats informatie van 642 TF’s die afkomstig zijn uit 35
TF families in Arabidopsis. Validatie van de verkregen CNSen werd uitgevoerd met TF chromatine
immunoprecipitatie gevolgd door sequenering (ChIP-Seq) in drie organismen, dit resulteerde in een sig-
nificante overlap van de meeste datasets. Ook ultra-geconserveerde CNSen werden geïdentificeerd door
het insluiten van genomen van aanvullende plantenfamilies. In totaal werden er 715 bindingsplaatsen
voor 501 genen en geïdentificeerd die in tweezaadlobbigen, eenzaadlobbigen, mossen en groene algen
geconserveerd waren. Door toepassing van de verkregen CNSen vonden wij dat genen die deel uit-
maken van een geconserveerd mini-regulon een grotere samenhang van hun expressieprofiel vertonen
dan andere gen paren die dit niet vertonen.
Vervolgens werd een nieuw algoritme ontwikkeld dat zowel alignerings als niet alignerings gebaseerde
technieken voor het aflijnen van geconserveerde motieven in de promotersequenties van nauw verwante
soorten ondersteunt. Kandidaat motieven zijn exhaustief genumereerd als woorden in het IUPAC alfabet
en gescreend voor conservatie door het gebruik van de branch length score. Vanwege het exhaustieve
karakter van het algoritme en de grote noodzaak van computationele middelen werd het MapReduce
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programmeermodel aangenomen om gebruik te kunnen maken van een cloud computing-infrastructuur.
De methode werd toegepast op vier eenzaadlobbige plantensoorten en we waren in staat om aan te tonen
dat de hoge scorende motieven aanzienlijk verrijken voor de open chromatine regio’s in Oryza sativa en
transcriptiefactor bindingsplaatsen afgeleid door middel van protein binding microarrays in Oryza sativa
en Zea mays. Verder werd aangetoond dat de werkwijze experimenteel (ChIP-Seq) bepaalde ga2ox1-
achtige KN1 bindingsplaatsen kan identificeren in Zea mays.
Tenslotte, werd een analyse, die voor 12 NAM-ATAF1/2-CUC2 (NAC) transcriptiefactoren doel-
wit genen identificeert uitgevoerd. NAC transcriptiefactoren behoren tot de grootste transcriptiefactor
families in planten, er is echter beperkte data beschikbaar die het DNA-bindingsdomein individuele
leden beschrijven. We gebruikten een transcriptiefactor doelwit gen identificatie workflow gebaseerd
op de integratie van nieuwe protein binding microarray data met genexpressie en geconserveerde pro-
moter sequenties om de DNA-bindende voorkeuren te identificeren en de onderliggende gen regulerende
netwerken te onthullen. De data biedt hoge resolutie vingerafdrukken voor de meeste bestudeerde tran-
scriptiefactoren en geeft aan dat de NAC DNA bindende voorkeuren zouden voorspeld kunnen worden
uit hun DNA bindend sequentie domein. De ontwikkelde methodologie, met de toepassing van com-
plementaire functionele genomische filters, maakt het mogelijk om voor elke transcriptiefactor protein
binding microarray data om te zetten in een reeks van doelwit genen met hoge kwaliteit. De NAC doelwit
genen gedetecteerd door deze benadering konden bevestigd worden door onafhankelijke in vivo analyses.


Summary
Transcriptional regulation is a dynamic process that plays an important role in establishing gene expres-
sion profiles during development or in response to (a)biotic stimuli. The aims of this project consisted of
two parts: one is the study of how transcriptional regulation and gene expression is organized across the
genome. The second consists of applying the obtained datasets to assign function to TFs and their target
genes with previously unknown function.
The research presented in this thesis starts with the development of a phylogenetic footprinting ap-
proach for the identification of conserved non-coding sequences (CNSs) in Arabidopsis thaliana using
genomic information of 12 dicot plants. In this approach both alignment and non-alignment-based tech-
niques were applied to identify functional motifs in a multi-species context. The method accounts for
incomplete motif conservation as well as high sequence divergence between related species. In total,
we identified 69,361 footprints associated with 17,895 genes. A gene regulatory network was compiled,
through the integration of known TFBS obtained from literature and experimental studies, containing
40,758 interactions, of which two-thirds act through binding events located in DNase I hypersensitive
sites. This network shows significant enrichment towards in vivo targets of known regulators and its
overall quality was confirmed using five different biological validation metrics. Finally, a proof of con-
cept experiment using detailed expression and function information was performed to demonstrate how
static CNSs can be converted into condition-dependent regulatory networks, offering new opportunities
for regulatory gene annotation.
In a subsequent analysis, we applied the aforementioned phylogenetic footprinting framework to ten
dicot plants for the identification of CNSs. This yielded 1,032,291 CNSs associated with 243,187 genes.
To annotate these CNSs with TFBSs, we made use of binding site information of 642 TFs originating
from 35 TF families in Arabidopsis. Validation of the obtained CNSs was performed using TF chromatin
immunoprecipitation sequencing (ChIP-Seq) data from three species, resulting in significant overlap for
the majority of datasets. We also identified ultra-conserved CNSs by including genomes of additional
plant families and identified 715 binding sites for 501 genes conserved in dicots, monocots, mosses and
green algae. Through application of the obtained CNSs we found that genes part of conserved mini-
regulons have a higher coherence in their expression profile than other divergent gene pairs.
Next, a novel algorithm was developed that supports both alignment-free and alignment-based con-
served motif discovery in the promoter sequences of closely related species. Putative motifs are exhaus-
tively enumerated as words over the IUPAC alphabet and screened for conservation using the branch
length score. Because of the exhaustive character of the algorithm and great resource needs, the MapRe-
duce programming model was adopted to take advantage of a cloud computing infrastructure and handle
these requirements efficiently. The method was applied to four monocotyledon plant species and we
were able to show that high-scoring motifs are significantly enriched for open chromatin regions in
Oryza sativa and for transcription factor binding sites inferred through protein-binding microarrays in
Oryza sativa and Zea mays. Furthermore, the method was shown to recover ga2ox1-like KN1 binding
sites in Zea mays experimentally profiled through ChIP-Seq.
Finally, a target gene identification analysis for 12 NAM-ATAF1/2-CUC2 (NAC) transcription factors
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was performed. NAC transcription factors are among the largest transcription factor families in plants,
yet limited data exists from unbiased approaches to resolve the DNA-binding preferences of individual
members. We used a TF-target gene identification workflow based on the integration of novel protein
binding microarray data with gene expression and multi-species promoter sequence conservation to iden-
tify the DNA-binding specificities and the underlying gene regulatory networks. The data offers specific
single base resolution fingerprints for most TFs studied and indicates that NAC DNA binding specificities
might be predicted from their DNA binding domain’s sequence. The developed methodology, including
the application of complementary functional genomics filters, makes it possible to translate, for each TF,
protein binding microarray data into a set of high-quality target genes. NAC target genes reported from
independent in vivo analyses were confirmed to be detected by this approach.
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Preface
This manuscript is aimed at providing a scientific overview of the research I performed over the past four
years. It consists of a general introduction, followed by four research chapters, and a general conclusion
of the results together with my perspectives on the future of comparative and regulatory genomics.
Given the complexity of the matter to non-experts, the introduction is aimed at providing necessary
knowledge to understand the research chapters. Therefore, it provides low-level information on the
different processes and techniques that form the basis of the performed experiments. The general intro-
duction is by no means a complete review of the field in question. The field of regulatory genomics is
absolutely booming and a lot of exciting research is being done, far beyond the scope of this introduc-
tion. Therefore, I have aimed a providing the original publications, in combination with good reviews
as entry-points for further study for the different techniques and concepts. More specific introductions,
tackling the specific matter of the research chapters are provided embedded within the chapters. Relevant
advances in the field towards the future are explored in the general conclusion and perspectives.
This being said, I wish you an interesting read.
xvii
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CHAPTER1
Introduction
Development and response mechanisms in eukaryotic organisms are flexible processes that allow them to
succeed when exposed to variable environmental stimuli. The phenotype of an organism is the result of a
complex combination of different levels of regulation that can be split up in two categories, that of gene
expression (transcription and translation) and protein function (post-translational modifications, protein-
protein interactions, cofactors etc.). There are a large number of intermediate steps between activation
of transcription and the functional protein (Fig. 1.1). Therefore a change in gene expression level does
not necessarily indicate a change in protein level/activity and the other way around. Given the scope
of the thesis, the following sections will focus on gene expression and the regulation of transcription in
particular.
Figure 1.1: From gene to protein: levels of regulation. Eukaryotic gene expression can be regulated at multiple levels.
Genomic regulation: chromatin decondensation or condensation, or DNA methylation; transcriptional regulation; RNA pro-
cessing, RNA turnover in the nucleus and translocation out of the nucleus; translational control; post-translational control
(including mRNA turnover in the cytosol, and the folding, assembly, modification, and import of proteins into organelles).
Source: Essentials of Cell Biology
1.1 Gene expression
Gene expression consists out of transcription, ribonucleic acid (RNA) processing and possible transla-
tion. Transcription is the biological process in which a complementary RNA copy of a deoxyribonucleic
acid (DNA) sequence is synthesized. RNA processing is a maturation step where modifications such as
3
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polyadenylation and 5’ capping occur. In translation this mature messenger ribonucleic acid (mRNA) is
translated into a protein. All of these steps are very tightly regulated.
The binding of activating transcription factors (TFs) to cis-regulatory elements (CREs) also called
target transcription factor binding sites (TFBSs) leads to the recruitment of co-activators and these steps
result in the recruitment of a DNA-dependent RNA polymerase through which the DNA is transcribed
to RNA (Fig. 1.2). The type of polymerase differs depending on the type of gene: RNA polymerase
II (Pol II) is responsible for transcription of pre-mRNAs, microRNAs (miRNAs), and a class of small
nuclear RNAs (snRNAs). (Sugiura, 1997) (Lee et al., 2004). Because Pol II is involved in the expression
of protein coding genes, it is by far the most elaborately studied. RNA polymerase I (Pol I) transcribes
most of the ribosomal RNAs (rRNAs). The most studied targets of RNA polymerase III (Pol III) are the
different tRNAs. The next step is the assembly of the basal transcription apparatus on the promoter. The
promoter of a gene is the sequence located upstream of the transcription start site (TSS). Transcription
initiation ends with the incorporation of the first few nucleotides of the mRNA.
Figure 1.2: Elements of transcriptional regulation.Important components of transcription: nucleosome remodelling, TF
binding to a TFBS, the recruitment of co-activators and the organisation of regulatory elements in a cis-regulatory module
(CRM). Source: (Wasserman and Sandelin, 2004)
In the next step the initiation complex is activated through phosphorylation and the first 11-15 bases
of DNA at the TSS are unwound to introduce a single stranded DNA strand into the active site of Pol
II in order to produce a transcribed string. This step is followed by dissociation of Pol II from some
of the general TFs also called promoter escape. After promoter escape, Pol II halts at the promoter’s
proximal pause site, which is located 20-40 nucleotides into the gene. After this pause the last step in
transcription starts, which is called promoter elongation in which the transcript is elongated to its full
length, this occurs subsequently to a second activation through phosphorylation (Weake and Workman,
2010). The (near complete) assembly of the initiation complex has also been observed as part of a
strategy to poise the promoter (Para et al., 2014). This type of preemptive organization can produce a
fast response to possible stimuli that require immediate activation of transcription. When the full-length
mRNA is formed transcription is terminated by polyadenylation, the 5’ end is capped and the polymerase
complex and all its co-factors are disassembled. Transcription results in the formation of a pre-mRNA.
After this phase the pre-mRNA is spliced into a mature mRNA by removal of the introns. The mature
mRNA is read out by the ribosomes to assemble the correct series of amino acids from which peptides
and proteins are formed. This process is called translation.
4
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1.2 Transcriptional regulation in plants
The advance in DNA sequencing technologies has provided researchers with complete genome se-
quences of a rising number of species. These genomic sequences can be used for annotating different
gene types. At the level of transcriptional regulation these sequences can be utilized for the prediction
of regulatory elements such as TFBSs. Next to complete genome sequences a wealth of sequencing
data has become available measuring the expression levels of all genes through RNA-seq. Other meth-
ods investigate TF binding to their cognate bindings sites or the genome wide state of the chromatin
through a number of techniques like ChIP-seq, Dnase1-seq or ATAC-seq. All of which contribute to the
understanding of transcription.
Transcriptional regulation in plants, like in other eukaryotic organisms, is controlled by the interplay of
TFs, epigenetic mechanisms and posttranscriptional processes. The complete set of interactions between
TFs and their corresponding target genes, given all surrounding regulating mechanisms is called the
gene regulatory network. In an attempt to simplify this complex interplay of regulatory levels, studying
transcriptional regulation is often simplified to studying the binding of TFs to the cis-regulatory elements
of their target genes. The complete set of TFBSs is also referred to as the cistrome encoded in the primary
DNA sequence (O’Malley et al., 2016). In terms of TFs it has been suggested that there might be more
than 2,300 genes encoding for TFs in Arabidopsis thaliana, a flowering plant model organism (Jin et al.,
2014). This represents more than 5% of the estimated 30,000 genes in this plant species. All TFs are
part of a specific TF-family, these families are based on the presence of a specific DNA binding domain
in the coding region of the transcription factor gene. In Arabidopsis there exist 58 TF-families (Jin et al.,
2014).
Figure 1.3: PWM.Position Weight Matrix (PWM), with the frequency of each nucleotide indicated for each position in the
sequence and also visualized as a sequence logo.
The coding sequence of TFs typically is made up of different domains: a DNA binding domain and a
transcription activating domain or a transcription repressing domain. The DNA binding domain defines
the genomic sequence to which TFs bind in the promoter of genes. These regions called TFBSs are
often represented as a Position Weight Matrix (PWM), with the frequency of each nucleotide indicated
for each position in the sequence (Fig. 1.3). There are various algorithms to scan for hits of PWMs in
DNA sequences using the nucleotide frequencies independently. Recent research has also pointed out
that for some TFs evidence of dependencies between nucleotides could be established whereas for others
5
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this was not possible, leading to an improved detection of binding sites (Tomovic and Oakeley, 2007).
Next to nucleotide dependencies within the PWM also DNA shape features (helix twist, minor groove
width, propeller twist, and roll) augment the predictive power obtained by DNA sequence-based models
(Mathelier et al., 2016). The promoter is typically split in a core promoter and a distal promoter (Molina
and Grotewold, 2005). The core promoter is located circa 70 base pairs (bp) upstream from the TSS this
is where recruitment of Pol II and assembly of the transcription pre-initiation complex happens. These
core promoters often contain conserved CREs recognized by general TFs (Weake and Workman, 2010).
The distal promoter contains conserved CREs that are responsible for binding transcription factors (TFs)
that govern gene specific transcription regulation (Molina and Grotewold, 2005). The recruited protein
complexes bind directly or indirectly to the same genomic segment containing discrete arrangements
of TFBSs, also referred to as cis-regulatory modules (CRM). There are different classes of TFs, the
first major class is formed by activators and repressors (Weake and Workman, 2010). Binding of these
proteins can lead to either gene activation or repression. A specific class of proteins called cofactors,
consists of co-activators and co-repressors. These proteins mediate the transcriptional effects of spe-
cific activators and repressors. This can possibly happen through chromatin remodelling (Weake and
Workman, 2010). This group of TFs is typically not able to bind to DNA on their own, but specificity
for a promoter is maintained through protein-protein interactions (PPIs) with specific activators and re-
pressors. Other classes comprise general transcription factors that are important in the formation of the
Pol II transcription-initiation complex and transcription factors that are involved in remodeling DNA by
inducing bends that facilitate the binding of other proteins to the promoter.
The interaction between a TF and its target genes is not a solely defined by the presence of its corre-
sponding binding site in the promoter of the target gene, it is also determined by how the chromatin is
organized. Chromatin is the combination of DNA and all the associated proteins. The fundamental units
of chromatin are nucleosomes, which consist out of DNA, wrapped around eight histone core proteins.
The most important function of chromatin is compaction of the DNA, allowing the DNA to fit in the
nucleus. Compaction of DNA forms heterochromatin and leads to general suppression of gene activity.
A relaxed state of the chromatin is also possible and is called euchromatin. This allows TFs to bind
and generally promotes gene expression (Roudier et al., 2009). Therefore nucleosome remodeling from
heterochromatin to euchromatin is necessary allowing the DNA to relax and the TF to bind (Kaufmann
et al., 2010a).
The state of the chromatin is dependent on the different modifications that are present. Chromatin can
be modified in different ways (Fig. 1.4). The DNA sequence can be directly modified through the methy-
lation of cytosines, histone tails can be covalently modified and histone variants can be incorporated in
the nucleosomes (Kouzarides, 2007; Roudier et al., 2009). Finally, the structure chromatin modifications
can also be adjusted through interactions with chromatin remodeling proteins (Kouzarides, 2007). Often
recurring combinations of chromatin modifications are called chromatin signatures (Ernst and Kellis,
2010). These chromatin signatures describe specific locations in the genome or functional elements (e.g.
the TSS of a gene). As mentioned above certain general TFs also influence the state of the chromatin
through nucleosome remodeling. At this point there is an interaction between the epigenetic level and the
transcription factors. The state of the chromatin and its effect on promoting or repressing transcriptional
activation is dynamic and changes during development and in response to exogenous stimuli: e.g. stress,
pathogen attack, temperature and light (Pfluger and Wagner, 2007).
After transcription and splicing, the mRNA is ready to be translated. At this point post-transcriptional
regulation can interfere. Post-transcriptional regulation is achieved through the binding of miRNAs or
short interfering RNAs (siRNAs) to the mature mRNA. The RNA molecule binds transcripts based on
sequence similarity, which allows it to target entire gene families at once.
1.3 Principles of comparative genomics
Comparative genomics is a field in biology in which the genomic sequences of different species are
compared. The fundamental assertion in comparative genomics is that all species have evolved from a
common ancestor (Lyons and Freeling, 2008). Comparative genomics has recently known a serious boost
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Figure 1.4: Distribution of chromatin modifications over genes and their relationship with expression.Chromatin marks
analyzed using genome-scale approaches are represented along a schematic Arabidopsis gene with 5’ and 3’ flanking regions
and the coding region indicated. Source: (Roudier et al., 2009)
due to the fact that the genomic sequences of an increasing number of species are available. Genomes are
compared in terms of the size and structure of a genome, the presence or absence of certain functionality,
and in terms of how the structure of genomes and function of genes and genomic regions evolve (Hardi-
son, 2003). As genomes evolve different types of rearrangements occur both on a large -and small-scale.
Large-scale genomic rearrangements can vary from duplications and inversions to insertions and dele-
tions. These processes alter the structural context of the genome but can also alter the functions of genes
by changing the regulatory context. Besides these large-scale processes there are also rearrangements
that occur on a smaller scale: nucleotide substitutions, deletions and duplications.
Comparative genomics can be applied on whole genomes to compare large structural properties such
as genome size and the number of coding genes. However more in-depth analyses such as comparisons
between chromosomes, parts of chromosomes and genes form the majority of what is done in compar-
ative genomics today. When comparing genomic regions or even whole chromosomes two terms are
frequently used: synteny and collinearity. Colinearity implies that genes on a chromosome or segment
are in the same order and orientation as they were in an ancestor (Lyons and Freeling, 2008). Synteny
is the property of being on the same chromosome or being present in the same genomic region through
ancestry, but conservation of gene order and orientation is not necessary for a region to be called synte-
nous.
Homologous genes originate from a common ancestor (Koonin, 2005). A further distinction can
be made for homologous genes regarding their origin, namely into orthologous and paralogous genes.
Genes originating from a speciation event in the last common ancestor of the compared genomes are
called orthologs (Fig. 1.5). An important feature of orthologs regarding the detection of cis-regulatory
elements is that they are expected to have equivalent functions. Common ancestry combined with equiv-
alent function is indicative that these genes are also regulated in the same way. If the genes are related
due to a duplication event, these genes or regions are called paralogous. Paralogous genes are often sub-
divided into subgroups called inparalogs and outparalogs. This subdivision can only be made relative to
a speciation event. Under these conditions inparalogs are paralogous genes resulting from a duplication
after a given speciation event and outparalogs are paralogous genes resulting from a duplication before
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Figure 1.5: An overview of orthology relationships. A hypothetical phylogenetic tree illustrating orthologous and paralogous
relationships between three ancestral genes and their descendants in three species. The genes XA, XB and XC are one-to-one
orthologs to each other. Each gene in branch 1 is a paralog of each gene in branches 2 and 3. The genes YA1 and YA2
are inparalogs relative to the radiation of species A and B. Branch 3 displays complex many-to-many orthology as frequently
observed in plant species. LCA (last common ancestor) Source: (Koonin, 2005)
a given speciation event. There lies great importance in this distinction between orthologs and paralogs,
as it is crucial in the successful functional annotation of genomes and for the reconstruction of genome
evolution (Koonin, 2005). The distinction between orthologs and paralogs is also very important in the
detection of cis-regulatory elements. This is because of subfunctionalization, which is the selectively
neutral tendency of a duplicated gene to lose dispensable cis-regulatory elements on one of both dupli-
cates. Subfunctionalization spreads the functions of an ancestral gene over the duplicated descendant
genes. Different approaches exist for identifying orthologous and paralogous genes (tree reconciliation
and clustering based approaches). Detecting orthologs using a phylogenetic tree is called tree reconcil-
iation and has the highest confidence to identify speciation events. Reciprocal best-blast-hit is another
method that can be used for the detection of orthologs. This method is suited for the detection of or-
thologs in closely related species but it cannot deal with the complex one-to-many and many-to-many
orthologous relationships in distantly related species. Other approaches such as OrthoMCL are based
on sequence similarity-based clustering (Li et al., 2003). Van Bel et al have shown that integrating and
combining the predictions of these tools leads to a more accurate orthology identification (Van Bel et al.,
2012).
An important tool in comparative genomic analyses is sequence alignment. A sequence alignment
is best described as a data matrix where each row is a sequence and each column is a position in the
sequence. A position in an alignment can represent three things: a match, a mismatch or a gap. The
result of a sequence alignment shows the similarity between the sequences that were aligned. The goal
of a sequence alignment should be however to detect homology and not similarity (Fig. 1.6).
The neutral theory of molecular evolution states that nucleotide substitutions inherently take place dur-
ing DNA replication. In the absence of selective constraints, the substitution rate reaches the maximum
value set by the mutation rate or the neutral substitution rate. Rates slower than the neutral substitu-
tion rate indicate the presence of constraints imposed by negative selection, which rejects and discards
deleterious mutations (Jukes and Kimura, 1984). In distantly related species, it is very difficult to align
non-coding sequences due to the neutral substitution rate since this leads to saturated substitution. This
means that in absence of constraint enough substitutions have occurred so that any position in two aligned
sequences has been changed. The neutral substitution rate is often estimated using ancestral repeats or
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Figure 1.6: The difference between similarity and constraint. Sequence similarity is shown in pink. The high percentage of
sequence similarity between Chimp and Baboon is a nice example of sequence conservation due to neutral carry over because
of the short divergence time between these two species. Comparing chimp to some other species reveals stretches of conserved
non-coding sequence, illustrating constraint. This figure is also illustrative for the fact that when the phylogenetic distance
becomes too big, it becomes difficult to pick up the phylogenetic signal, e.g. Chicken.
Ks. Ks is defined as the number of synonymous substitutions per synonymous site. A synonymous site
refers to a position in a codon where redundancy of the genetic code exists so that different nucleotides in
this position will result in the same amino acid. An important fact to be noted is that ancestral repeats are
non-coding sequences that are assumed to not be under constraint. As Ks is based on coding sequences
the assumption of absence of constraint is probably not completely true.
1.4 Identification of transcription factor binding sites
Characterization of TFBS in vivo
Chromatin Immunoprecipitation (ChIP)
ChIP is a broadly adapted technique to identify TF target genes in a direct manner. ChIP consists out
of cross-linking the TF to the DNA followed by sonication of the DNA into small pieces. This step is
followed by extraction of the TF and the DNA that precipitates through antibodies that directly target
the TF (Thibaud-Nissen et al., 2006). In the next step, the cross-linking is reversed and the bound DNA
sequences are determined by hybridization on a tiling array or sequencing analysis (ChIP-chip and ChIP-
seq, respectively) (Fig. 1.7). The output of a ChIP experiment is further processed computationally and
is essentially aimed at mapping the bound DNA sequences back to their respective genomic regions and
identifying local enrichments of signal in the sample of interest compared to the control sample. These
enriched regions are also referred to as peaks. A common final step in a ChIP analysis is linking the
enriched regions to closest gene and as such linking TF bound regions to their respective target genes
(Farnham, 2009).
The TF bound regions or peaks generated in a ChIP experiment provide an excellent resource for the
identification of the sequence specific binding motif responsible for interaction with the TF, since these
peaks should contain the sequence motifs recognized with highest affinity. There are two complementary
strategies that can be used for obtaining these binding motifs. The first one is based on the de novo
discovery of motifs. This method identifies overrepresented words of different (6-12bp) lengths in the
bound sequences. The second one scans the TF bound sequences against databases of known motifs and
determines enriched motifs (Higo et al., 1999; Sandelin et al., 2004; Steffens et al., 2004; Yilmaz et al.,
2011). A large-scale analysis in Arabidopsis thaliana has reported a fairly good agreement between TF-
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Figure 1.7: Simplified schematics of the main steps in ChIP-seq and DNase-seq. Chromatin immunoprecipitation followed
by sequencing (ChIP-seq) for DNA-binding proteins such as transcription factors. DNase-seq relies on digestion by the DNaseI
nuclease to identify regions of nucleosome-depleted open chromatin where there are binding sites for all types of factors, but it
cannot identify what specific factors are bound. Source: (Farnham, 2009)
bound DNA motifs in vivo and the consensus DNA sequences derived from in vitro analysis (Heyndrickx
et al., 2014). Similar results were obtained for ChIP-based data from the ENCODE Project, in which
55% of TF-occupied DNA segments were enriched in the anticipated DNA-binding motif.
DNase I Hypersensitivity
A downside to ChIP based assays is the necessity of specific, high-grade antibodies that recognize
the TFs of interest. A valuable alternative is the identification of nucleosome-free, open chromatin
regions that correspond mostly to gene regulatory regions, and more specifically to TFBS. One of these
approaches, DNase-seq is a technique for measuring regions of DNase I hypersensitivity genome-wide.
This technique involves digestion of chromatin within intact nuclei with DNase I. Cleavage products are
selected on their size and sequenced, such that the 5’-most bp of a sequenced read indicates the site at
which cleavage by DNase I occurred (Fig. 1.7). Various peak-calling algorithms are used to identify
DNase I hypersensitive sites. DNase-seq has been applied successfully in Arabidopsis and rice. These
experiments recovered approximately 40,000 and 100,000 DHS per tissue sample, covering 12 and 7%
of the Arabidopsis and rice genomes, respectively (Zhang et al., 2012b,a) (Fig. 1.8).
In order to obtain TFBS from these DHS a technique called genomic footprinting is used. DNase
I treatment generates a footprint in TF-protected DNA motifs. The algorithms to perform genomic
footprinting vary, but all rely on the detection of a cleavage pattern consistent with protein occupancy.
This pattern is classically defined as a paucity of cleavage because protein-bound DNA is typically
protected from DNase I cleavage.
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Figure 1.8: Example of DNase hypersensitive sites in rice. This figure displays the transformation of raw sequencing reads
obtained by DNase-seq into DNase hypersensitive sites through read density estimation by the F-seq tool. Source: (Zhang
et al., 2012a)
Definition of TF DNA-binding specificities in vitro
Yeast-one-Hybrid (Y1H)
Y1H is not strictly an in vitro system and has been very useful for identifying cis-regulatory sequences.
Unlike ChIP based assays, this system is a TF-centered or bottom-up strategy that pursues isolation of
TFs that recognize a known prey. The technology is based on the genetic fusing of a library of proteins to
a strong transcriptional activation domain. The sequence of interest is cloned in front of a reporter gene,
which allows screening of binding events based on the expression of the reporter gene. Improvements
made to the original technique for detection of protein-DNA interactions (Li and Herskowitz, 1993)
facilitated the high-throughput and unbiased identification of protein-DNA interactions (Deplancke et al.,
2004; Vermeirssen et al., 2007). Hundreds of studies have demonstrated the efficacy of Y1H assays for
discovering TF binding with both small (e.g., TFBS), and large DNA fragments (e.g., gene promoters).
Y1H was used to construct a gene regulatory network in root (Brady et al., 2011; Gaudinier et al., 2011).
Systematic Evolution of Ligands by Exponential enrichment (SELEX)
SELEX was widely used to determine the DNA binding specificities of TFs (Ellington and Szostak,
1990). The technique is based on the iterative selection and amplification of the DNA sequence with the
highest affinity for a given TF. The classical SELEX has two major drawbacks. The first one is that the
isolation of TF-DNA complexes from polyacrylamide gels after each round of selection is very laborious.
The second reason is that the number of oligonucleotide sequences that could be detected in the final
step is limited. Modifying SELEX into a high throughput (HT) analysis has considerably improved the
applicability of SELEX-based methods. HT-SELEX utilizes affinity-based steps for isolation of TF-
DNA complexes and includes an initial pool of oligonucleotides that is suitable for readout using deep
sequencing (Zhao et al., 2009).
Electrophoretic Mobility Shift Assay (EMSA)
EMSA is a gel-based method to separate protein-bound DNA molecules from unbound DNA molecules
through the larger weight of the bound complex and identify the motif for a given TF. By introducing
one point mutation per DNA molecule, it is possible to accurately determine the nucleotides that are
necessary for the TF to bind and as such detect the motif (Elnitski et al., 2006).
Protein binding microarray (PBM)
11
1. INTRODUCTION
PBM is a high-throughput methodology for determining the sequence specificity of a TF. This method
utilizes a double-stranded DNA (dsDNA) microarray that is incubated with the TF of interest, and the
hybridization signal of fluorescent protein-DNA complexes are visualized in conventional microarray
scanners (Berger et al., 2006).
PBMs have a number of advantages that make it preferable over other strategies for identification of
DNA motifs in vitro. The optimization of dsDNA microarray designs has created a high throughput
technique in a single experiment. The most used microarray contains all possible 10mers compacted in
~44,000 oligonucleotide probes with a length of 35 bp. Consider both strands, this means that every
8mer is represented in ~32 probes (Berger and Bulyk, 2009). PBMs have a universal design containing
synthetic DNA probes and as such can be used for any TF independent of selected species(Fig. 1.9).
Unlike HT-SELEX, which preferentially recovers high-affinity bound sequences, PBM analysis ranks
binding to all possible sequences (generally 8mers) from highest to lowest, allowing identification of low-
affinity bound sequences. Over a decade of research on PBMs has lead to a well-established technique
with a simplified workflow and advanced algorithms for data analysis (Berger and Bulyk, 2009).
PBMs were applied to determine binding site specificities of MYC2 and ERF1 two TFs in Arabidop-
sis. this analysis rendered a G-box and the GCC-box as their highest-affinity binding sites respectively.
Further analysis of transcriptome datasets revealed that high- and medium-affinity binding sites have
biological significance, probably representing relevant cis-acting elements in vivo. Comparison of pro-
moter sequences with putative orthologs from closely related species demonstrated a high degree of
conservation of all the identified TFBSs (Godoy et al., 2011).
Figure 1.9: Schematic of universal PBM experiments. A commercially synthesized single-stranded DNA microarray
is double-stranded by (b) solid-phase primer extension using a small amount of spiked-in fluorescently labeled dUTP. (c)
An epitope-tagged TF is bound directly to the DNA on the microarray, and the (d) protein-bound array is labeled with a
fluorophore-conjugated antibody. Source: (Berger and Bulyk, 2009)
1.5 Inferring functional target genes from TFBS data
Identifying groups of genes that collaborate in the development of an organism or in the response to
specific stimuli or stress is essential to improve our understanding of these processes. Delineating sets of
TF target genes through identification of TFBS in promoter sequences is a powerful strategy for defining
specific sets of genes. As described above TF ChIP-seq is an effective technique for obtaining target
genes. Despite the advantages of ChIP-based assays, they are nevertheless a snapshot of the genome-
wide TF occupancy at a certain point in time, and usually ignore the plasticity in binding events of the
TFs that control gene expression. A second downside is that ChIP based assays largely ignore the in-
teractions that exist with other TFs. These downsides are illustrated by the poor correlation between
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TF-bound genes and genes transcriptionally regulated by TFs being studied. TFs studied in Arabidopsis
thaliana report numbers of TF-responding genes between 5%-30% of the total TF-bound genes (Zheng
et al., 2009; Winter et al., 2011). These findings illustrate the difficulties in identifying functional TFBS
from genome-wide mapping studies, and with them the actual target genes of TFs. Functional TFBSs are
defined on the basis of the paramount role in controlling patterned gene expression. Precise definition
of TF target genes will require ChIP data combined with comprehensive approaches that monitor gene
expression over time, in specific tissues, at different developmental stages, or in changing environmental
contexts. An example in Arabidopsis of such an integrative approach was presented with the elucida-
tion of the gene regulatory network that governs the response to ethylene, which depends on the EIN3
TFs. The response follows four temporal waves, each containing subsets of the EIN3-bound targets.
This study proposed several layers of transcriptional control, in which a negative feedback loop (which
depends on EIN3 binding to targets) is generated to maintain ethylene homeostasis (Chang et al., 2013).
Performing a ChIP assay is an experimental labor-intensive technique and it is at this point not feasible
to perform this on a very large scale. Therefore computational methods were developed for defining sets
of target genes based on DNA motifs in promoter sequences. There are two main schools in this line
of research, one type makes use of evolutionary conservation of TFBS, the other uses transcriptional
co-regulation to create gene regulatory networks.
A promising technique for the identification and/or validation of target genes through TFBS is phy-
logenetic footprinting. Phylogenetic footprints are islands of highly conserved regions embedded within
a background of neutrally evolving sequences (Tagle et al., 1988). Regions of non-coding DNA in the
genome that are conserved across related species are likely to be under purifying selection because of the
fact that functional sequences tend to evolve at a slower rate than nonfunctional sequences (Frazer et al.,
2004). The conservation of functional elements is not sufficiently better than that of non-functional
elements when the species are too closely related. This is due to the fact that patches of conserved
noncoding sequence will happen naturally by neutral carry over from the ancestor (Freeling and Subra-
maniam, 2009). Oppositely, if two species are only very distantly related most of the evolutionary signal
will be lost and will be very difficult to pick up using phylogenetic footprinting. Therefore adequate
phylogenetic divergence of species is an important parameter in phylogenetic footprinting.
Phylogenetic footprinting in plants is more complex than in vertebrates due to three reasons. Firstly
conserved non-coding sequences are shorter in plants than in vertebrates (Kaplinsky et al., 2002; Guo
and Moose, 2003). A second reason is that plants have a higher neutral nucleotide substitution rate
over evolutionary time. They mutate faster than vertebrates. This results in a saturated substitution
rate for sequences that are not under constraint and also induces more degeneracy in motifs (Freeling
and Subramaniam, 2009). The last reason why phylogenetic footprinting is more difficult in plants
has to do with the evolution of plant genomes. Plant genomes have been subjected to many genomic
rearrangements as well as whole genome duplications. This has resulted in complex ancestry of genes,
with many one-to-many and many-to-many orthologous relationships, making the distinction between
orthologs and paralogs very important (Proost et al., 2011).
CNS research in the past has been focused on Arabidopsis and grasses (Fig. 1.10) (Kaplinsky et al.,
2002; Vandepoele et al., 2006; Freeling et al., 2007; Vandepoele et al., 2009; Baxter et al., 2012; Guo and
Moose, 2003; Inada et al., 2003). Exploring CNSs for TFBS identified in vitro or from in vivo assays
will help to define target genes of TFs and gene regulatory networks in plants. An attempt to create
a conserved TFBS gene regulatory network by looking for TFBSs in conserved genomic non-coding
regions has to this point only been performed in Drosophila (Kheradpour et al., 2007).
Another approach used to define target genes is based on the hypothesis of strong co-regulation be-
tween a TF of interest and its targets (MacIsaac and Fraenkel, 2006). This assumption is extended to the
shared presence of a common TFBS amongst these sets of genes. The presence of TFBS in co-expression
clusters can be evaluated through de novo motif finding or bindings site enrichment analysis with a set of
known TFBS. Despite the fact that genes with a shared TFBS show on average higher co-expression it
was shown that strongly co-expressing do not always share a TFBS (Marco et al., 2009). Microarray or
RNA-seq expression datasets often deal with whole organism gene expression levels at different develop-
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Figure 1.10: Example of CNSs in Arabidopsis. Alignment of CNS depicted in (B). Size of letters in the sequence logo
indicates conservation of individual nucleotides. Colored bars indicate positions of potential binding sites based on alignment
conservation (yellow, purple, green, and orange bars) and matches with known motifs (P300 in red, GATA in pink, and CBNAC
in turquoise. Source: (Baxter et al., 2012)
mental moments. Given that genes can be transcribed in different tissues simultaneously in multicellular
organisms, this aspect is potentially confounding and may be the reason why there is no statistical enrich-
ment of TFBSs in even highly co-expressed genes. The presence of indirect regulatory interactions might
also influence the association between co-expression and TFBSs. The differential affinity to binding sites
or regulation by miRNA could also explain the partial uncoupling between expression patterns and regu-
lation by common transcription factors. Nevertheless, this method is very popular in regulatory analysis.
Predominant TF activator or repressor activities can also be inferred from analysis of co-regulated genes.
DNA motifs identified in vitro for transcriptional activators are enriched in the promoters of positively
co-regulated genes; conversely, motifs corresponding to repressor TFs are more abundant in promoters of
negatively co-regulated genes (Kagale et al., 2010). This approach has also been applied in Arabidopsis
to perform motif enrichment in co-expressed gene sets and obtain functionally coherent groups of target
genes. (Vandepoele et al., 2009).
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CHAPTER2
Research Aims and Scope
The adaptation of organisms to changes in the surrounding conditions and the environment very often
co-occurs with adjustments in the expression pattern of specific genes. These mechanisms are especially
important for plants because they are sessile organisms. Because plants cannot simply change their lo-
cation they need to be ensured that they are able to cope with different conditions each meteorological
season by adequate gene expression modifications. An important goal for understanding these biological
processes is getting a better insight in the regulation of gene expression. This requires a profound com-
prehension of how transcription is regulated by TFs on the molecular level. This PhD thesis will focus
on transcriptional regulation in plants and will exhibit the application of different approaches to enhance
what is currently known on this subject.
The main goal of this PhD is the development of novel methods for the detection of functional and
regulatory elements in plant genomes and converting this knowledge into gene regulatory networks and
derived applications. The research will be subdivided in two levels: The first level is the detection of
binding sites and inference of gene regulatory networks. As many genes in plants lack functional infor-
mation to this date, the second is the application of the resulting networks to study biological processes
and as such provide reliable functional annotation for as many genes as possible.
Initially, a tool to perform phylogenetic footprinting between distantly related genomes will be devel-
oped. This tool will be used to delineate conserved non-coding sequences (CNS) through comparative
sequence analysis. The genomic properties of the obtained CNSs will be studied in order to obtain novel
insights in their role in transcriptional regulation. Through the integration of known transcription factor
binding sites obtained from literature and experimental studies, these CNSs will be used to compile gene
regulatory networks for a large number of TFs. This network will be validated using known targets and
applied as a means to study the transcriptional organization in plants.
The biotechnology industry will become an important factor in both the food and energy industry. Its
focus will lie on commercial crops such as the different Brassicaceae (dicots), and cereals (monocots).
Nevertheless, a lot of fundamental research is being performed on the model organisms Arabidopsis
thaliana and Oryza sativa (rice) for the dicots and monocots respectively. As a consequence, it is essen-
tial to know to what degree components and interactions of transcriptional regulation are shared between
different species. With respect to these outstanding demands, comparative sequence analysis in non-
model species will be used to delineate conserved non-coding sequences in these organisms and study
the evolution of TF binding sites. A metric controlling for evolutionary distance will be implemented for
analyses in closely related organisms. The results of these analyses will examine the feasibility of trans-
ferring knowledge derived from model species to more commercially interesting crop species but the
results will also contribute to the limited knowledge of transcription regulation in non-model organisms.
Subsequently, we will study the organization of gene regulation starting from a small set of TFs for
which experimentally derived binding specificities are generated. This experimental data will be pro-
cessed into predicted transcription factor binding sites and integrated with complementary data types to
obtain high quality binding sites. These binding sites will be experimentally validated. The resulting
network will be evaluated for known targets of the TFs under investigation and through functional en-
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richment of the predicted target genes, the biological role of these TFs will be studied using the guilt-by-
association principle. As a whole this research chapters serves as an application of previously developed
methodologies.
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CHAPTER3
Inference of transcriptional networks in Arabidopsis
thaliana through conserved non-coding sequence
analysisa
Abstract
Transcriptional regulation plays an important role in establishing gene expression profiles during devel-
opment or in response to (a)biotic stimuli. Transcription factor binding sites (TFBS) are the functional
elements that determine transcriptional activity and the identification of individual TFBS in genome
sequences is a major goal to inferring regulatory networks. We have developed a phylogenetic footprint-
ing approach for the identification of conserved non-coding sequences (CNSs) across 12 dicot plants.
Whereas both alignment and non-alignment-based techniques were applied to identify functional mo-
tifs in a multi-species context, our method accounts for incomplete motif conservation as well as high
sequence divergence between related species. We identified 69,361 footprints associated with 17,895
genes. Through the integration of known TFBS obtained from literature and experimental studies, we
used the CNSs to compile a gene regulatory network containing 40,758 interactions, of which two-thirds
act through binding events located in DNase I hypersensitive sites. This network shows significant en-
richment towards in vivo targets of known regulators and its overall quality was confirmed using five
different biological validation metrics. Finally, through the integration of detailed expression and func-
tion information, we demonstrate how static CNSs can be converted into condition-dependent regulatory
networks, offering new opportunities for regulatory gene annotation.
aThis chapter is based on Van de Velde et al. (2014). J.V.D.V, K.S.H. and K.V. designed the research methodology and wrote the manuscript. J.V.D.V
(CNS pipeline implementation, evaluation, condition-specific networks, and all figures,), K.S.H. (CNS pipeline design and implementation, ChIP pipeline and data
collection), and K.V. (condition-specific networks) performed data analysis. A complete reference can be found in Chapter 8.
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3.1 Introduction
Transcriptional regulation is a complex and dynamic process in which transcription factors (TFs) play a
fundamental role. Although being subject to many potentially overlapping control mechanisms, such as
miRNA regulation and chromatin accessibility coordinated by histone modifications and DNA methy-
lation, the binding of TFs on specific genomic locations modulating gene expression levels is pivotal
for the proper control of different biological processes. TF binding events can have a direct or indirect
effect on the activation or repression of gene transcription. More complex regulation of gene expres-
sion is achieved through cooperative binding of different TFs adding an extra combinatorial level of
control.(Riechmann and Ratcliffe, 2000) These regulatory mechanisms allow organisms to process dif-
ferent endogenous signals related to growth and development and to respond to changing environmental
conditions including different types of (a)biotic stresses.
Despite the functional importance of transcriptional regulation and the fact that 1500-1700 TFs have
been identified in Arabidopsis thaliana (Riechmann et al., 2000; Jin et al., 2014), knowledge about the
genes controlled by different TFs is still very limited. AtRegNet, which is a part of the AGRIS database
(Yilmaz et al., 2011), summarizes regulatory interactions collected from small and large-scale exper-
iments and contains 728 interactions when filtering on direct and confirmed targets. This paucity of
experimentally validated regulatory interactions can be partially explained by the fact that previously
used methods like electrophoretic mobility shift assay (Garner and Revzin, 1981), systematic evolution
of ligands by exponential enrichment (Roulet et al., 2002) and Yeast-one-hybrid (Meng et al., 2005)
are labour-intensive and only yield a small number of interactions.(Mejia-Guerra et al., 2012) More re-
cent techniques such as protein binding microarrays, chromatin immunoprecipitation (ChIP) with read-
out through microarray (ChIP-chip) or next-generation sequencing (ChIP-Seq), allow TF protein-DNA
binding to be analyzed in a high-throughput manner. However published binding results using these
methods have revealed a weak correlation between the binding of a TF and transcriptional regulation of
the potential target genes(Ferrier et al., 2011).
Dozens of software tools have been developed to delineate regulatory regions based on experimen-
tal features, such as co-regulation, or using advanced computational methods(MacIsaac and Fraenkel,
2006). Although the naive mapping of known DNA sequence motifs to promoter regions is frequently
used to explore cis-regulatory elements, this approach yields many false positives because TF binding
sites are often short and typically contain some level of degeneracy in the binding motif (Tompa et al.,
2005). Although experimentally characterized open chromatin regions, profiled through DNase I hy-
persensitive (DH) sites, offer a global picture of accessible regions throughout the genome and can aid
in reducing the motif search space (Zhang et al., 2012b), determining individual TF binding events re-
mains a major challenge. A promising solution for the computational detection of functional elements is
phylogenetic footprinting, which identifies conservation in orthologous genomic sequences (Tagle et al.,
1988; Handstad et al., 2011). Orthologs are homologous genes derived from a speciation event in the
last common ancestor of the compared species. Regions of non-coding DNA in the genome that are
conserved across related species are likely to be under purifying selection and this signature can be
seen as evidence for functionality(Blanchette and Tompa, 2002; Kaplinsky et al., 2002; Guo and Moose,
2003; Inada et al., 2003; Vandepoele et al., 2006; Thomas et al., 2007; Vandepoele et al., 2009; Baxter
et al., 2012). Overall, it is not trivial to make the distinction between conserved non-coding sequences
(CNSs) that have arisen due to neutral sequence carry-over and functionally constrained CNSs in closely
related species. With the advent of methods such as PhastCons (Siepel et al., 2005), which make use
of aligned genomes and statistical models of sequence evolution, it has become possible to determine
CNSs in closely related species. These methods have shown greater power in the detection of functional
elements and lineage-specific conservation than detection methods based on comparing more distantly
related genomes in vertebrates, insects, worm and yeast.(Siepel et al., 2005) However, these approaches
require aligned genomes and the fraction of the genome that can be aligned drops drastically (≤40%)
when comparing species from different genera in flowering plants.(Hupalo and Kern, 2013) This is due
to large-scale genome rearrangements and high sequence divergence. Furthermore, taxon sampling is
still limited for flowering plants with the exception of the Brassicaceae lineage. These factors make
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global alignment strategies for the detection of CNSs impractical for many of the currently available
plant genomes.(Reineke et al., 2011) An additional difficulty for phylogenetic footprinting in plants lays
in the fact that it is not trivial to identify one-to-one orthology in plants„ due to a wealth of paralogs
(homologous genes created through a duplication event) in almost all plant lineages.(Van Bel et al.,
2012) Besides continuous duplication events, for instance via tandem duplication, many plant paralogs
are remnants of whole genome duplications (WGDs). In flowering plants, the frequent WGDs in several
lineages result in the establishment of one-to-many and many-to-many orthologs (or co-orthologs). As a
consequence, methods for identifying CNSs that were successfully applied in yeast or vertebrates don’t
work well in plants, as these methods cannot cope with complex orthology relationships.(De Bodt et al.,
2006; Vandepoele et al., 2006)
Recently three approaches to identify genome-wide CNSs using multiple plant genomes have been
published. Baxter and co-workers used a local pairwise alignment approach, implemented in the Sea-
weed alignment plot tool (Picot et al., 2010), to search for CNSs in the 2kb upstream of the transcription
start site in Arabidopsis.(Baxter et al., 2012) Pairwise alignments were generated between orthologous
genes of Arabidopsis and three highly diverged dicots: Papaya, Poplar and Grapevine (Carica papaya,
Populus trichocarpa and Vitis vinifera). The conservation scores associated with each pairwise align-
ment were aggregated while orthologs were delineated using a combination of synteny and reciprocal
best BLAST hits. Haudry et al. (2013) generated a whole genome alignment approach using a com-
bination of the LASTZ (Harris, 2007) and MULTIZ (Blanchette et al., 2004) tools across nine closely
related Brassicaceae species. In this study a genomic region was aligned with one or multiple regions
in another species as a means to cope with polyploidy. Conservation in the aligned regions was deter-
mined using PhyloP (Pollard et al., 2010) yielding a set of 95,142 Arabidopsis CNSs. Similarly, Hupalo
and Kern (2013) created a whole genome alignment between 20 closely and distantly related angiosperm
genomes by making use of the LASTZ tool, and used PhastCons (Siepel et al., 2005) to identify sequence
constraint.
To generate a comprehensive overview of cis-regulatory elements in the Arabidopsis genome, we
developed a phylogenetic footprinting framework that identifies CNSs between 12 distantly related
genomes. Through the integration of information about known transcription factor binding sites (TFBS),
gene expression profiles, open chromatin states and different gene function annotations, the static CNSs
were annotated and translated into a gene regulatory network capturing known and condition-specific
regulatory interactions. In addition, we confirm using different experimental datasets and biological
validation metrics the quality of the inferred network.
3.2 Results
Detection of CNSs using a multi-species footprinting approach
We used a comparative genomics approach across 12 dicot plants to discover CNSs in Arabidopsis. A
computational framework was developed that uses the mapping of known motifs as well as de novo
local alignments to identify regulatory motifs conserved in multiple species. A local alignment-based
approach between orthologous regions was applied because global alignment strategies are impractical
for many of the currently available plant genomes due to massive loss of synteny conservation (Figure
A.1). The selected comparator dicot species used in this study are reported in Figure A.1. The first
method, called Comparative Motif Mapping (CMM), requires a candidate motif (e.g. a transcription
factor binding site represented as a consensus sequence or position count matrix) as input, and assesses
the motif conservation on, for example, the 2kb promoter of an Arabidopsis gene. Conservation is
scored based on the occurrence of the motif in the promoter regions of the orthologs from the query gene
in 11 other species, allowing for incomplete motif conservation. The statistical significance of a motif
conserved in a set of orthologous genes is determined by comparing the observed conservation score to
a background model that is built from conservation scores generated by processing the same motif on a
large number of randomly assembled non-orthologous families, containing the same species composition
and having the same sequence length distribution as in the real set of orthologs (see Methods). Based on
the phylogenetic footprinting principle, the assumption behind this statistical model is that conservation
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of functional motifs will be higher between orthologous genes than between randomly chosen non-
orthologous genes. As orthologous genes between Arabidopsis and all other comparator species show
saturated substitution patterns (the fraction of synonymous substitutions per synonymous site, Ks ≥ 1,
see Methods), the identified CNSs show selective constraint indicating biological functionality.
The second method is alignment-based and uses a multi-species scoring approach to detect CNSs,
without requiring prior motif information. All footprints extracted from pairwise local alignments be-
tween the query gene and its orthologs are collapsed onto the corresponding region of the query gene. As
such, the number of species that supports each nucleotide through a pairwise alignment is determined.
In the next step, conserved footprints are extracted and scored based on the number of species in which
they are conserved. Significant footprints are determined using a pre-computed background model built
with scores of footprints derived from non-orthologous families to which each real footprint is compared.
The same assumption regarding higher functional sequence conservation between orthologous genes than
between randomly chosen genes is made. For the alignment-based approach four alignment tools were
implemented in the framework and their performance was compared. These tools were DIALIGN-TX
(Subramanian et al., 2008), Sigma (Siddharthan, 2006), ACANA (Huang et al., 2006) and the Seaweeds
alignment plot tool.(Picot et al., 2010) The proposed methods are able to cope with high sequence di-
vergence when aligning non-coding sequences between related species. As many motif and alignment
comparisons are being made for thousands of genes, the false discovery rate (FDR) was estimated by
comparing the significant results of the real runs with those of control runs. The FDR is defined as the
ratio between the number of false positives estimated by the control run and the number of rejected null
hypotheses in the real run, and provides a better measure for controlling false positives compared to the
false positive rate, as the latter does not correct for the multiple tests performed per query gene. Control
runs are identical to real runs with the exception that the orthologous families are randomly generated,
maintaining the species constitution and gene size as observed in the real families (see Methods). Unless
mentioned otherwise, all presented results have an FDR below 10%.
After updating the TAIR10 genome annotation with 791 new miRNA loci obtained from the plant
microRNA database (PMRD) (Zhang et al., 2010), three different genomic sequence types were defined
to identify CNSs (2kb upstream, 1kb downstream and intron). In this analysis upstream and downstream
are used relative to the translation start site and translation stop site, respectively, because it has been
shown, both through promoter deletion experiments as well as using genome-wide ChIP analyses, that
regulatory elements can be found in 5’ and 3’ untranslated region (UTR).(Chaboute et al., 2002; Liu
et al., 2010; Wang and Xu, 2010) Another reason to include UTRs is that not all genes have informa-
tion about their UTR available. In total, the different genomic sequences cover 83% of the non-coding
Arabidopsis genome and 84% of all complete intergenics. Gene orthology information was retrieved
from the PLAZA 2.5 integrative orthology method (Van Bel et al., 2012), which uses a combination
of different detection methods to infer consensus orthology predictions, both for simple one-to-one as
well as for more complex many-to-may gene relationships. Here, two different orthology definitions
were used to delineate orthologs. The first definition uses a simple ’best BLAST hit’-derived method
that includes inparalogs, called best-hit and in-paralogous families (BHIF), while the second definition,
called consensus orthology, requires that at least two PLAZA detection methods confirm an orthologous
gene relationship (see Methods). Orthologs could be obtained for 24,241 Arabidopsis genes using BHIF
and for 21,300 genes using the consensus definition. For Arabidopsis genes with orthology information,
70% and 90% have orthologs in at least 10 species for the consensus and BHIF definition, respectively
(Figure A.2).
Combining phylogenetic footprinting experiments from the alignment-based and CMM runs, we iden-
tified in total 69,361 significant CNSs associated with 17,895 genes. These conserved regions cover 1070
kb of the Arabidopsis genome and all CNSs are available through a genome browser (see Methods). The
median length of a CNS was 11bp, while the largest and smallest CNS were 514bp and 5bp, respec-
tively (Figure 3.1A). All of the significant CNSs were conserved in at least two comparator species
while the median number of supporting species was six (Figure 3.1B). This result illustrates the strong
multi-species nature and potential functionality of the identified CNSs. Analyzing the contribution of
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comparator species to footprints conserved in only two species showed no bias towards the most closely
related comparator species. Half of the CNSs are located in the 1 kb promoter region of annotated
genes and a large number of conserved regions were associated with introns (10,872) and downstream
sequences (6953) (Figure 3.1C). The alignment-based and CMM detection methods detect 30% and 60%
of all CNSs uniquely, respectively, while 10% is shared by both methods. CMM covers 473 kb and the
alignment-based-approach covers 686 kb. The complementarity of the two different orthology defini-
tions was evaluated by determining the uniquely detected CNSs and revealed that 70% of detected CNSs
were found using both definitions. The consensus and BHIF definition detected 19% and 11% unique
CNSs, respectively.
Figure 3.1: Overview of CNS properties. A) Length distribution of significantly conserved footprints. All footprints are
grouped in bins of size 10bp. B) Overview of significantly conserved footprints in relation to the number of species in which
the footprint was conserved. For all conservation scores the relative percentage of significant footprints is shown (grey boxes)
as well as a cumulative distribution (black line). C) Breakdown of CNS over different genomic regions.
Besides regulatory elements, other structural features such as incorrectly annotated exons or missing
genes may show significant conservation across related genomes. To determine whether any of the
identified footprints represent coding features, we performed a sequence similarity search of all CNSs
against a large set of known plant proteins (see Methods). Only 499 CNSs (0.01% of all footprints)
showed a significant hit against the plant protein database and were discarded for downstream analysis.
Evaluation of different phylogenetic footprinting approaches using an experimental gold standard
In order to evaluate whether our footprints correspond with known regulatory sequences, we compared
our CNSs against the AtProbe dataseta, which contains 144 experimentally determined cis-regulatory
elements (see Methods and Supplemental Online Data set 1b). Overall, our CNSs recovered 26% of the
experimental binding sites. This global true positive rate (TPR) was analyzed in more detail per detection
method (Figure A.3). Sigma, the best performing alignment tool, scores equally well compared to CMM
as both methods have a TPR of 19%. This result indicates that Sigma, which finds conserved regions
without any prior information, has sensitivity comparable to CMM, for which prior motif information is
required. Additionally, these methods are complementary as they uniquely detected 22% and 16% of the
recovered AtProbe elements, respectively. Whereas ACANA and Seaweeds-60 recovered experimental
instances (TPR of 5% and 3%, respectively), DIALIGN-TX and Seaweeds-30 did not, which is due to
the generation of spurious alignments yielding many false positives in the control runs.
To further validate our set of CNSs, we compared our results with three other CNS datasets from
published genome-wide phylogenetic footprinting approaches (Figure 3.2).(Baxter et al., 2012; Haudry
et al., 2013; Hupalo and Kern, 2013) Apart from evaluating the sensitivity of the different studies, which
relates to finding true positive AtProbe results, we also assessed the specificity, which relates to identify-
ing negative results. The latter is important, as a method that would assign each non-coding nucleotide
to a CNS would yield a high sensitivity but a low specificity, due to many false positives. Although it
is not trivial to assemble a negative dataset of genomic regions free from any regulatory sequence, we
bhttp://www.plantcell.org/content/suppl/2014/06/16/tpc.114.127001.DC1/tpc127001_Supplemental_Datasets.xls
ahttps://cb.utdallas.edu/atprobe/index.html
25
3. DETECTION OF CONSERVED NONCODING SEQUENCES IN ARABIDOPSIS
estimated false positives by reshuffling the AtProbe genomic locations 1000 times and determining the
overlap with CNSs detected per footprinting study. The estimated number of false positives was used
to determine enrichment for known regulatory elements (observed number of elements over expected
number of elements, see Methods). This approach does not guarantee that the reshuffled dataset, which
covers in essence randomly selected non-coding genomic regions that have no overlap with real AtProbe
instances, contains only true negatives. However the reshuffled dataset can be used as a proxy to estimate
the specificity of different footprinting studies as the same biases are present in the negative dataset for
all methods.
Figure 3.2: Recovery of AtProbe elements and comparison of CNSs from different phylogenetic footprinting studies. (A)
Overview of the recovery of experimental AtProbe elements in four different CNS studies. Black boxes show the percentage of
recovered elements and white boxes shows the percentage of uniquely recovered elements. Diamonds depict fold enrichments,
which are defined as the ratio of the observed overlap over the expected overlap by chance. (B) Genome-wide coverage of
CNSs. Black boxes show the total number of nucleotides assigned to CNSs per study while white boxes show the number of
nucleotides in CNSs that are unique to a single study.
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Comparing the CNSs from the different studies showed that Haudry et al. (2013) has the highest
recovery of experimental binding sites (35% TPR), followed by our results (26% TPR) and Baxter et al.
(2012) (4% TPR). An overview of retrieved CNSs for the AtProbe genes for this study and Haudry et
al. (2013) can be found in Figure A.4. However, comparing the specificity using the shuffled AtProbe
datasets reveals that Haudry et al. (2013) has a lower enrichment towards experimentally determined
elements (8.5 fold enriched) than our approach (37 fold enriched) (Figure 3.2). Determining the genome-
wide coverage for the different CNS datasets revealed that Haudry et al. (2013), identified constraint for
4,834 kb of non-coding DNA. This coverage is substantially larger than our dataset (1,070 kb) and those
of Baxter et al. (2012) and Hupalo and Kern (2013), which cover 137 kb and 658 kb, respectively (Figure
3.2). Overall, our method, which we have shown to be accurate based on the analysis of known regulatory
sites, identifies 64% of the nucleotides covered by our CNSs as evolutionary constrained which were not
identified by other methods, indicating that our phylogenetic footprinting approach covers a large fraction
of unique CNSs.
Conserved motif instances identify in vivo functional regions
To evaluate the functionality of the identified CNSs and to verify whether these conserved footprints
can provide a template to computationally map TF-target interactions, detailed comparisons of the CNSs
were made against different experimentally determined datasets. DH sites are associated with regions
of open chromatin where the DNA is accessible and as such provide a global perspective on possible
protein binding to the genome. Overall, 48% and 47% of our CNSs overlapped with a recently published
set of DH sites in flower and leaf tissue, respectively.(Zhang et al., 2012b) This overlap is significant
(p-value ≤ 0.001) and shows high fold enrichment (4.0 for both DH sets, see Methods), revealing that
a large part of the CNSs can be accessed by TFs and as such can act as a functional TFBS. Our set
of CNSs also exhibited a significant overlap with H3K4me3, H3K9ac and H3K4me2 marks (2.6, 2.2
and 1.7 fold enriched, respectively; Figure A.5). These histone modifications are indicative of active
promoters and enhancer elements.(Roudier et al., 2009; He et al., 2011) Interestingly, our regions showed
an even higher enrichment for regions where DH sites, H3K4me3, H3K9ac and H3K4me2 coincide (6.3
fold enriched, p-value ≤ 0.001), corroborating that several of the conserved regions are associated with
actively transcribed genes.
Whereas the experimental datasets profiling different chromatin states act as a proxy for function-
ality, more detailed regulatory information can be obtained by comparing the CNSs with experimental
datasets comprising functional TFBS. To delineate a high-quality dataset of in vivo functional TF-targets
covering directly regulated genes, publicly available ChIP-Seq data was combined with enriched motifs
in ChIP-Seq peaks and TF-perturbation expression profiles (see Methods). This was done for 15 TFs
(AGAMOUS-LIKE 15 (AGL15), APETALA1 (AP1), APETALA2 (AP2), APETALA3 (AP3), SUP-
PRESSOR OF OVEREXPRESSION OF CO 1 (SOC1), PISTILLATA (PI), LEAFY (LFY), FLOW-
ERING LOCUS C (FLC), PSEUDO RESPONSE REGULATOR 5 (PRR5), PHYTOCHROME INTER-
ACTING FACTOR 3 (PIF3), PHYTOCHROME INTERACTING FACTOR 4 (PIF4), PHYTOCHROME
INTERACTING FACTOR 5 (PIF5), FAR-RED ELONGATED HYPOCOTYLS 3 (FHY3), BRI1-EMS-
SUPPRESSOR 1 (BES1) and FUSCA 3 (FUS3)) yielding a dataset of 2807 regulatory interactions (Sup-
plemental Online Data set 2b). Importantly, these in vivo functional targets were determined indepen-
dently of any comparative information and thus provide an independent dataset to evaluate our footprints.
Overlap analysis revealed that in total 787 functional binding sites (28%) were successfully recovered
by our CNSs. Although the recovery rate for individual TF varies from 8% for AP3 to 57% for PRR5
(median recovery 36%), the number of recovered genes for all 15 TFs was significantly higher compared
to the number of recovered target genes expected by chance (p≤0.001, see Supplemental Dataset 2b and
Figure 3.3).
To compare the specificity by which our CNSs identified functional TFBS with other computational
methods, two other protocols were evaluated. Whereas the first approach is based on the simple mapping
of all positional count matrices of all 15 TFs on the non-coding genomic DNA, the second approach com-
bhttp://www.plantcell.org/content/suppl/2014/06/16/tpc.114.127001.DC1/tpc127001_Supplemental_Datasets.xls
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Figure 3.3: Recovery of in vivo functional targets using CNS information. White and black boxes show fold enrichments
for CNSs and naive motif mapping, respectively. White and black diamonds show the fraction of recovered elements for CNSs
and a simple motif mapping approach, respectively.
prises motif mapping in open non-coding chromatin regions that were identified through DH sites.(Zhang
et al., 2012b) Enrichment analysis using shuffled datasets of the in vivo functional regions (see Methods)
revealed that our CNSs yielded higher specificity for functional regulatory elements than either of these
alternative protocols (median fold enrichment of 41.2 for CNSs versus 2.6 and 12.8 fold enrichment for
the simple and DH site-based mapping methods, respectively) (Figure 3.3, Supplemental Online Data
set 3b and Figure A.6).
Construction and biological evaluation of an Arabidopsis gene regulatory network
To get an overview of how transcriptional regulation is organized on a genome-wide level, motif infor-
mation was combined with our CNSs to construct a gene regulatory network (GRN) containing 40,758
interactions (see Methods). This GRN includes 157 TFs that, based on conserved binding sites, have
one or more target genes and covers 11,354 genes in total (Supplemental Online Data set 4b). On av-
erage, a TF in the predicted network has 259 target genes while each target gene is regulated by 4 TFs.
The number of target genes per TF and their associated GO enrichment can be seen in Figure A.7. For
these interactions, 64.6% of the conserved binding sites are overlapping with a leaf or flower DH site.
To evaluate our network we used an experimental GRN of 1092 confirmed interactions derived from
AtRegNet (Davuluri et al., 2003) and a collection of regulatory interactions obtained from small-scale
studies concerning secondary cell wall metabolism.(Hussey et al., 2013) Overlap analysis between the
predicted network and the experimental network revealed that edges present in the predicted network
are significantly more likely to also be present in the experimental network than would be expected by
chance (4.65 fold enrichment, p-value ≤ 0.001; see Methods). Apart from comparing the global overlap
between both networks, we also assessed the overlap between the predicted and experimental TF-target
interactions for individual TFs for which motif information was available. For a sub-set of TFs with ten
or more known target genes, a significant overlap was found for nine out of 13 TFs (p-value ≤ 0.001),
which covers 99 out of 385 (26%) experimentally determined gene regulatory interactions.
To evaluate which role intronic regions have in transcriptional gene regulation through TF binding,
an intron-specific GRN was generated. This network consists of 2821 interactions between 123 TFs
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and 1552 target genes. Six out of the 99 experimentally confirmed interactions that were retrieved were
unique to this network (See Supplemental Online Data set 5). Examples of correctly inferred intron
interactions are binding events of AP2 and LFY to the intron of AGAMOUS (AG).(Hong et al., 2003)
Similarly, TF-miRNA regulation was studied by constructing a small sub-network containing 24 TF-
miRNA targets for 14 TFs and 10 target miRNAs (Supplemental Online Data set 6). One of the retrieved
interactions is the known binding of the ABRE binding factor (ABF1) to the promoter of mir168a.(Li
et al., 2012b) Another interesting, however unconfirmed, interaction is that between AP2 and mir167a,
the latter which is known to play a role in flowering maturation.(Rubio-Somoza and Weigel, 2013)
In addition to the recovery of known regulatory interactions, the biological relevance of the predicted
target genes was studied using five independent biological datasets. Gene Ontology (GO) (Ashburner
et al., 2000), Mapman (Thimm et al., 2004) and functional gene modules (Heyndrickx and Vandepoele,
2012) describe functional annotations and were used to assess if target genes of the same TF partici-
pate in similar biological processes or have similar functions. The functional modules comprise a set of
13,142 genes (1562 modules) annotated with specific functional descriptions based on experimental GO
information, protein-protein interaction data, protein-DNA interactions or AraNet gene function predic-
tions. The evaluation of our GRN is made based on the assumption that a set of true target genes of a
TF will have a higher enrichment for functional annotations than randomized networks.(Marbach et al.,
2012b) For each TF, the enriched functional annotations were determined and compared against that of
randomized networks (see Methods). Next to the three functional datasets, two general gene expression
compendia were used, stress and development (De Bodt et al., 2010), to investigate if genes targeted
by the same TFs (called co-regulated targets) are more likely to be expressed at similar developmental
stages or under similar stress conditions. Following Marbach et al. (2012), co-regulated gene pairs are
defined as genes having 50% or more shared regulators. The average level of co-expression was cal-
culated using correlation analysis for all co-regulated gene pairs and compared to that of randomized
networks (see Methods). All five biological metrics were performed on the CNS-based GRN as well as
on the experimental GRN and we observed that both networks were significantly enriched for all five bi-
ological datasets (p-value ≤ 0.05, Figure 3.4). A detailed comparison revealed that GO fold enrichment
was higher in the predicted network. Although the opposite is true for both Mapman and the functional
modules, there is still a significant enrichment in our predicted GRN, illustrating the functional coher-
ence of the predicted target genes. The discrepancy between different functional annotation datasets can
largely be explained by the fact that for GO annotations a filtering step using GO slim terms was per-
formed in order to have sufficient annotations for all genes in the network. These terms are very broad
and as such enrichment will be lower compared to the two other functional classification datasets. Based
on the stress and development expression datasets, a higher level of co-expression was observed for co-
regulated genes in the predicted and experimental GRN, compared to random GRNs (Figure 3.4). The
CNS-based network outperformed the experimental network, as the fold enrichments were higher for the
predicted GRN in both expression datasets. A similar evaluation was performed on two sub-sets of the
predicted network, which were defined based on the number of species in which a regulatory interaction
is conserved. The predicted network was divided into a highly (conservation CNS ≥6 species) and a
moderately conserved (conservation CNS 2-6 species) sub-network. Both the highly and the moderately
conserved sub-networks showed significant enrichment for co-expression and functional coherence, in-
dicating that CNSs with support from a lower number of species are also biologically meaningful (Figure
A.8).
Combining the CNS-based network with expression information to identify condition-specific gene
regulatory interactions
To investigate the biological role of the predicted GRN, the static gene regulatory interactions were
converted into condition-specific interactions through the integration of expression information. Co-
expression was determined between a TF and each predicted target gene based on 11 expression com-
pendia from the CORNET database (De Bodt et al., 2010), comprising gene expression profiles from mi-
croarray experiments performed for different organs (flower, leaf, root, seed), during development, under
different treatments and stresses (hormone, biotic and abiotic stress) (see Methods). Co-expression be-
29
3. DETECTION OF CONSERVED NONCODING SEQUENCES IN ARABIDOPSIS
Figure 3.4: Evaluation of the biological relevance of the predicted network using different biological metrics assessing
functional and expression coherence.Gene Ontology annotations, Mapman annotations and functional modules together
with a stress and developmental expression compendium were used to evaluate the biological relevance of the predicted GRN.
A comparison of fold enrichment is depicted between the predicted network (black bars) and the experimental network (white
bars). All reported fold enrichments are significant (p-value ≤ 0.05). Numbers in parentheses report the number of regulatory
interactions in the two networks and the number of genes having functional or expression information, respectively.
tween a TF and a predicted target gene can act as a proxy for regulation as both are frequently expressed
in the same conditions.(Ma and Wang, 2012) 6957 Interactions between a TF and its predicted target
genes showed significant co-expression in one or maximum three expression compendia (Supplemental
Online Data set 7b). Examples of specific co-expression patterns of predicted TF-target interactions that
are confirmed by experimentally confirmed target genes include interactions for MYB DOMAIN PRO-
TEIN 58 (MYB58) under biotic stress, MYB DOMAIN PROTEIN 83 (MYB83) in leaf and for AP2 and
ELONGATED HYPOCOTYL 5 (HY5) under abiotic and biotic stress. MYB DOMAIN PROTEIN 63
(MYB63) shows co-expression of target genes in five different compendia, including (a)biotic stress and
hormone (Figure A.9). The following paragraphs highlight examples of condition-dependent GRNs.
Five secondary wall NAM-ATAF1/2-CUC2 (NAC) TFs were selected to illustrate how integrating
co-expression information into the predicted GRN can be used for modelling of the transcriptional net-
work in different conditions and plant organs. SECONDARY WALL-ASSOCIATED NAC DOMAIN 1
(SND1) is a master transcriptional regulator activating the developmental program of secondary cell wall
(SCW) biosynthesis. SND1 and its functionally related homologs NAC SECONDARY WALL THICK-
ENING PROMOTING FACTOR1 (NST1), NAC SECONDARY WALL THICKENING PROMOTING
FACTOR2 (NST2), VASCULAR-RELATED NAC-DOMAIN 6 (VND6) and VASCULAR-RELATED
NAC-DOMAIN 7 (VND7) regulate the same downstream targets in different cell types.(Zhong et al.,
2008) While SND1 and NST1 activate the SCW biosynthetic program in fibers, VND6 and VND7
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specifically regulate SCW biosynthesis in vessels, and NST1 and NST2 act together in regulating SCW
biosynthesis in endothecium of anthers (Mitsuda and Ohme-Takagi, 2008;.(Zhong et al., 2008) These
five TFs bind to an imperfect palindromic 19-bp consensus sequence designated as secondary cell wall
NAC binding element, (T/A)NN(C/T)(T/C/G)TNNNNNNNA(A/C)GN(A/C/T)(A/T), in the promoters
of their direct targets.(Zhong et al., 2010) For VND6 an additional binding site has been described (CT-
TNAAAGCNA).(Ohashi-Ito et al., 2010) Based on the predicted targets of these 5 TFs, we used the
co-expression information to introduce specificity through condition-dependent regulation. For SND1,
NST1 and NST2 we studied target genes co-expressed in a flower and a seed expression compendium,
because of their role in SCW biosynthesis in flower and reproductive organs (Mitsuda and Ohme-Takagi,
2008; (Zhong et al., 2008) (Figure 3.5). Auxin, cytokinin, and brassinosteroids play pivotal roles in
xylem vessel formation (Fukuda, 2004) and VND6 and VND7 show elevated expression levels in pres-
ence of these three hormones.(Kubo et al., 2005) Both TFs reside in the same functional module, which is
annotated with the GO term ’response to brassinosteroid stimulus’.(Heyndrickx and Vandepoele, 2012)
Therefore, VND6 and VND7 targets co-expressing in a hormone compendium were selected. For all
TFs, predicted target genes were only selected if they were part of a functional module grouping two or
more predicted target genes. This network groups 5 TFs showing 69 condition-specific interactions with
24 target genes (Figure 3.5). The SCW network contains a large number of experimentally confirmed
interactions (14/69) and nearly all genes in the network are involved in SCW metabolism based on GO
annotations (21/24). In this network, two TFs, namely MYB DOMAIN PROTEIN 46 (MYB46) and
SECONDARY WALL-ASSOCIATED NAC DOMAIN PROTEIN 3 (SND3), which are known direct
targets involved in the SCW pathway, are present. Interestingly, these genes do not have a co-expression
link with SND1 in flower or seed, but a co-expression link is present with NST1, a TF that cooperates
with SND1 in SCW biosynthesis in fibers.(Zhong et al., 2008) Overexpression of MYB46 leads to acti-
vation of the entire SCW biosynthetic program and its co-expressing targets in seed, flower and hormone
expression compendia show a large number of shared targets with the five master regulators as well as a
large set of genes involved in SCW biosynthesis.(Zhong et al., 2008)
A similar approach was applied to delineate condition-specific targets for AP3 and PI, two TFs that
have been shown to act as bifunctional transcription factors in flower development.(Wuest et al., 2012)
AP3 and PI are necessary for the proper development of the petals and stamens.(Jack et al., 1992; Goto
and Meyerowitz, 1994) Plant hormones such as jasmonic acid have been shown to play a role in both
stamen and petal development.(Brioudes et al., 2009; Song et al., 2013) The expression data for these
two TFs shows induction in jasmonic acid treatment conditions. Therefore co-expressed target genes in
the hormone expression compendium were selected. This approach resulted in a hormone-specific GRN
with 223 target genes and 237 interactions. The network shows a strong enrichment for genes involved
in flower development (53/223)(Figure A.10. Additional evidence for the relevance of this network was
generated through integrating ChIP-Seq and differential gene expression data. The ChIP and differential
expression experiments were performed at the early-intermediate floral stage (stage 4-5 flowers)(Wuest
et al., 2012). In this network, we observe 11 interactions that are confirmed through binding of the TF in
the ChIP-Seq data and also 6 interactions that are confirmed through differential expression of the gene
after TF perturbation. Interestingly, AG is a predicted co-expressed target gene of AP3 in the hormone-
specific network and AG has been shown to be involved in stamen development through regulation of
jasmonic acid biosynthesis genes.(Ito et al., 2007)
3.3 Discussion
In this study we developed a new phylogenetic footprinting approach to identify conserved non-coding
sequences in Arabidopsis through the comparison with 11 dicot genomes. Distantly related species were
used because of the premise that, in comparison to one another, all non-coding regions that are not under
functional constrained will have undergone one or more mutations. A set of 69,361 CNSs associated
with 17,895 genes was delineated through the combination of an alignment-based and a non-alignment-
based approach. Twenty-eight percent of the CNSs were found downstream of genes, in introns or more
than 1kb upstream of a gene, indicating that regulatory elements are not restricted to the first hundreds
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Figure 3.5: A condition-specific secondary cell wall gene regulatory network.Nodes and edges depict genes and regulatory
interactions, while condition-specific seed, flower and hormone co-expression edges are shown using orange, green and blue
lines, respectively. Experimentally confirmed interactions are shown using an arrow line. Red diamonds are the source TFs,
grey diamonds are target genes that are TFs and rounded rectangles are other target genes. Target genes with a grey border
are known to be involved in secondary cell wall biosynthesis based on Gene Ontology.
of base pairs upstream of a gene.(Reineke et al., 2011; Korkuc et al., 2014)
A previous evaluation study reported that phylogenetic footprinting in plants works best by compar-
ing genomes that have diverged less than 100mya or have non-saturated substitution patterns.(Reineke
et al., 2011) Phylogenetic footprinting methods that use genome synteny inferred through genome align-
ments as primary source of orthology information indeed have difficulties integrating distantly related
genomes.(Hupalo and Kern, 2013) This is due to the frequent nature of polyploidy and genome rear-
rangements in dicot plants (Figure A.1) causing problems for global genome alignment methods. Here,
a combination of different gene orthology prediction methods was used that do not rely on synteny in-
formation. As such, our approach is well-suited to incorporate more distantly related species including
many-to-many gene orthology relationships. Our alignment-based approach is best summarized as a
multiple local alignment strategy, since first local pairwise alignments are identified which are subse-
quently aggregated on the Arabidopsis reference genome in order to obtain multi-species footprints. We
demonstrated that this approach is very suitable for detecting CNSs over large phylogenetic distances,
as half of our CNS are conserved in six or more species, spanning ≥100 million years of evolution (Fig-
ure 3.1B). Furthermore, approaches based exclusively on pairwise alignments lack the power to detect a
large set of our CNSs over a similar evolutionary distance.(Reineke et al., 2011; Baxter et al., 2012)
Comparing our CNSs with the experimental AtProbe benchmark dataset showed that both alignment
and non-alignment-based approaches have a similar performance, recovering 19% of the experimental
regulatory elements. Both approaches are complementary as they together recovered 26% of the At-
Probe elements. This is largely explained by the fact that the alignment-based approach identifies large
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conserved regions, typically covering clusters of individual TFBS, whereas the non-alignment-based ap-
proach will also identify short conserved motifs. Based on a comparison of our footprints with three
recently published studies (Baxter et al., 2012; Haudry et al., 2013; Hupalo and Kern, 2013), 64% of
our CNSs represent newly discovered constrained sequences. This finding is in agreement with Haudry
et al. (2013) who found that their CNSs show limited conservation outside the Brassicaceae lineage.
Compared to Baxter et al. (2012) and Hupalo and Kern (2013), both the number of comparator species
as well as the different alignment strategy contribute to the difference in identified CNSs. Comparison
with the three previously published CNS datasets revealed that our CNSs have the highest enrichment for
experimentally determined regulatory elements. Haudry et al. (2013) recovered a larger number of bases
covered by CNSs with a lower enrichment towards the AtProbe elements. Although these results could
indicate that their higher coverage is associated with a reduced specificity, additional explanations can be
formulated. As demonstrated by Haudry et al. (2013), their CNSs also contain other types of functional
non-coding sequences, such as RNA genes, which are not accounted for in our benchmark. CNSs could
also cover long-range enhancers. Also, the conservation of functional non-coding sequences is likely
greater within the Brassicaceae lineage due to more specialized developmental processes and adaptation
to environmental conditions, whereas our set of CNSs covers the regulation of processes that are highly
conserved across a wide range of dicot plants. A subset of the AtProbe regulatory elements recovered
was unique to this analysis, corroborating the complementarity of our CNSs with these previous studies.
The biological relevance of our CNSs was further evaluated by overlap analysis with a number of
different chromatin modification marks. Enrichment analysis showed that our CNSs are highly enriched
for DH sites as well as for histone marks promoting transcription indicating that our CNSs are located
within open chromatin regions or nearby actively transcribed regions. Processing of 15 TF ChIP-chip/seq
experiments together with the corresponding transcriptome profiling studies after TF perturbation gen-
erated a high-quality dataset of 2807 in vivo functional binding sites. In total 28% of these regions were
successfully recovered. Mapping the position count matrices for all 15 TFs genome-wide and retain-
ing only instances overlapping with a CNS, showed to be more specific to recover functional binding
sites compared to filtering using DH sites. In contrast to simple motif mapping approaches which are
associated with high false positive rates, computationally identified CNSs as well as experimental DH
sites offer two complementary data sources to start performing systematic regulatory genome annotation
in plants. The largest bottleneck for identifying all functional regions through conservation analysis is
caused by the highly degenerative nature of certain binding sites, such as CArG boxes for AP1 and AP3
(CC(A/T)6GG).(Riechmann et al., 1996) The newly developed algorithm will not detect these binding
sites as significantly conserved because these sites will have high conservation scores in both the real
and control run. Another explanation for the low recovery of functional binding sites for some TFs is
the fact that the position count matrices that are used to evaluate conservation in the orthologous regions
of distantly related organisms might be too specific for Arabidopsis, making it more difficult to identify
conserved instances. Finally, in some cases a regulatory interaction might be species or clade-specific,
making comparative methods impractical. Overlap analysis of the recovered in vivo binding sites ele-
ments with CNSs from the three other studies showed that 52.3% of the 787 recovered functional regions
were uniquely discovered by our approach. This further supports our conclusion that this study captures
a unique fraction of regulatory elements in Arabidopsis.
Whereas several studies reporting plant CNSs have suggested different lines of evidence to indicate
that sequence conservation implies functional conservation and a role for CNSs in transcriptional regula-
tion (Kaplinsky et al., 2002; Guo and Moose, 2003; Inada et al., 2003; Baxter et al., 2012; Haudry et al.,
2013; Hupalo and Kern, 2013), their success in inferring regulatory networks has been hampered by the
difficulty to convert CNSs into TF-target interactions. Based on different publicly available databases
and ChIP studies, TFs for which motif information was available were integrated with the CNSs to
generate a gene regulatory network containing 40,758 TF-target interactions. Overlap analysis with an
experimental GRN containing 1092 confirmed regulatory interactions showed that the predicted network
is highly enriched for experimental edges. In addition, the functional and expression coherence of the
target genes in the different GRNs was evaluated by integrating five different biological datasets. Ap-
plication of these different validation metrics on the experimental and predicted network were used to
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assess the functional and co-regulatory properties of the different TF-target interactions. Whereas both
GRNs showed significant enrichment for all biological datasets, the predicted network outperformed the
experimental network for the stress and developmental expression compendia and also for GO func-
tional annotations. Application of the co-expression metric on two sub-networks with edges supported
by CNSs showing conservation in a different number of species revealed that also regulatory interactions
with lower species support are biologically relevant. Although the predicted GRN, like the experimental
network, lacks many true regulatory relationships, comparison with experimentally validated targets as
well as validation through the different biological datasets showed that the predicted network is of high
overall quality. Compared to the experimental network, where each TF regulates on average 12 target
genes, our GRN predicts on average 20 times more target genes for 157 TFs. As our GRN likely iden-
tifies many true interactions, which have not been detected and validated experimentally, it provides an
important step forward towards the systematic regulatory annotation of individual genes.
A sub-network containing unique regulatory interactions based on intronic CNSs recovered a small
subset of experimental interactions, confirming that intronic regions also play an important role in tran-
scriptional regulation in plants. The TF-miRNA network contained only 24 TF-miRNA interactions, for
which one previously described interaction between ABF1 and mir168a could be confirmed. A major
challenge for phylogenetic footprinting of miRNA genes and the construction of miRNA GRNs is the
lack of miRNA orthology information across a number of related species, which is a prerequisite for
most phylogenetic footprinting methods.
Although the predicted GRN offers additional information on the transcriptional regulators controlling
individual target genes, the static nature of these CNS-based interactions offers few insights about the
biological context of these regulatory events. We demonstrated how integrating expression data for
different organs and conditions with the predicted interactions through co-expression analysis provides
an effective approach to obtain condition-specific networks. Based on 11 compendia containing gene
expression profiles in different biological contexts, we identified 6597 regulatory interactions where a
TF specifically co-expressed with its target gene in one or a few conditions. As shown for the secondary
cell wall and AP3/PI networks, this co-expression information can be used to filter the set of predicted
interactions and to identify previously unknown target genes as well as new regulators acting downstream
of the TF under investigation. Furthermore, for different TFs and signaling cascades, it also becomes
possible to investigate how the transcriptional control of some direct target genes changes in different
conditions while other targets show constitutive co-expression.
Apart from integrating sequence conservation and expression information, other approaches combin-
ing complementary functional datasets may improve the power to correctly identify regulatory inter-
actions. For example, the incorporation of additional regulatory information such as differentially ex-
pressed genes from TF perturbation experiments or genomic regions marked with transcription-promoting
chromatin modifications can offer new ways to identify functional target genes. With the advent of TF
binding data from protein binding microarray experiments for an increasing number of TFs (Franco-
Zorrilla et al., 2014; Lindemose et al., 2014) our CMM approach combined with co-expression analysis
offers a practical means to convert in vitro TF binding information from protein binding microarrays into
functional and condition-specific GRNs.
3.4 Material and Methods
Sequence and orthology information
The 12 dicotyledonous genomes used in this paper were Arabidopsis thaliana (TAIR10), Carica pa-
paya (Hawaii Agriculture Research Center), Glycine max (JGI 1.0), Malus domestica (IASMA), Pop-
ulus trichocarpa (JGI 2.0), Fragaria vesca (Strawberry Genome 1.0), Medicago truncatula (Mt 3.5) Lo-
tus japonicus (Kazusa 1.0), Theobroma cacao (CocoaGen v1.0), Ricinus communis (JCVI 1.0), Mani-
hot esculenta (Cassava4) and Vitis vinifera (Genoscope_v1) and were obtained from the PLAZA 2.5
database.(Van Bel et al., 2012)The structural annotation of the genomes in PLAZA 2.5 was updated by
adding all known miRNAs obtained from the plant microRNA database.(Zhang et al., 2010) miRNA
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sequences were downloaded from PMRD and mapped to the genomes using BLASTN (Altschul et al.,
1990) and GenomeThreader (-mincoverage 0.89 -minalignmentscore 0.95) (Gremme et al., 2005) and
only unique mappings were retained. The overlap with existing RNA gene annotations in PLAZA 2.5
and the database was determined by using BLASTN (e-value ≤ 1e-10) against all transcripts, and only
RNA genes lacking overlap with already annotated loci were added. In total, 791 new miRNA loci were
added in Arabidopsis and 20% of all miRNAs have orthologs in one or more related dicot genome.
Three sequence types, upstream, downstream and intronic, were used to identify CNSs. Upstream
sequences were restricted to the first 1000/2000 bp upstream from the translation start site or to a shorter
region if the adjacent upstream gene is located within a distance smaller than 1000/2000 bp (n = 33,703).
1000 and 2000bp upstream sequences were processed as two independent runs. Downstream sequences
were restricted to the first 1000 bp downstream from the stop codon or to a shorter region if the adjacent
downstream gene was within 1000bp (n = 33,809). The intronic sequence type is defined as the complete
gene locus with exons masked (n = 20,608).
Orthologs for each Arabidopsis gene were determined in 11 comparator dicot species using the
PLAZA Integrative Orthology method.(Van Bel et al., 2012) The included orthology detection meth-
ods are OrthoMCL (Li et al., 2003), phylogenetic tree-based orthologs and BHIF. Through Ks graphs
in the PLAZA 2.5 platform, we confirmed that all included dicot species have saturated substitution
patterns (mean Ks≥1) when comparing orthologous gene pairs with Arabidopsis.(Van Bel et al., 2012)
Synteny conservation
Orthologs were determined for each Arabidopsis protein-coding gene using the PLAZA Integrative Or-
thology method demanding that the orthology prediction is supported by at least two detection methods.
The conservation of the orthologous relationship for the flanking gene upstream and downstream of each
ortholog was determined for each of the comparator species.
Comparative Motif Mapping
Known motifs were mapped on the regions covered for the three sequence types for all included species
using dna-pattern allowing no mismatches.(Thomas-Chollier et al., 2011) 692 cis-regulatory elements
were obtained from AGRIS (Davuluri et al., 2003), PLACE (Higo et al., 1999) and Athamap.(Steffens
et al., 2004) In addition, 44 positional count matrices were obtained from Athamap and for 15 TFs
positional count matrices were obtained from ChIP-Seq data (see section ’ChIP-Seq in vivo targets’).
Positional count matrices were mapped genome-wide using MatrixScan using a p-value cut-off ≤ 1e-
05.(Thomas-Chollier et al., 2011)
For each Arabidopsis gene and per sequence type, a conservation score SCMM is determined per
motif. The SCMM is calculated as the number of species in which this motif was conserved in an
orthologous family context. The statistical significance of each motif with SCMM was tested through
a comparison with the SCMM derived from 1000 random gene families that have the same number of
orthologs and species but are lacking an orthologous relationship to the query gene. Evaluation of the
statistical significance using larger sets of random families (1000-100,000) confirmed that the p-values
obtained using 1000 non-orthologous families are robust.
The FDR was calculated through a control experiment in which the entire analysis, including all Ara-
bidopsis genes, was performed using non-orthologous genes. For each query gene a family was randomly
assembled sampling non-orthologous genes, but maintaining the number of genes and the species com-
position of the real orthologous family. The real and control run were compared and footprints in the
real run with a p-value that corresponds to a FDR ≤ 10% were retained.
Alignment-based phylogenetic footprinting
Pairwise alignments were generated between all Arabidopsis query genes and their orthologous genes
for all three sequence types and two orthology definitions. ACANA and DIALIGN-TX were run with
standard parameters. Seaweeds was run with the step size parameter set to 1 and window size to 60
bp and 30bp (referred to as Seaweeds-60 and Seaweeds-30, respectively) and only alignments with an
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alignment score higher than 40 and 20, respectively, were retained. Sigma was run with the -x parameter
set to 0.5.
All pairwise alignments were aggregated on the query sequence generating a multi-species conserva-
tion plot that shows for each position of the investigated region how many species support this nucleotide
through pairwise footprints. All footprints for each level of conservation are extracted from the multi-
species conservation plot and each footprint is defined by its length and a multi-species level conservation
score SMSP, which denotes the number of comparator species supporting that footprint.
For each alignment tool and sequence type, a pre-computed pairwise background library, including
≥25 million alignments, was used to determine significant conservation of footprints. The background
model was created by binning all investigated regions of all species on length, selecting 150 genes from
each bin and making pairwise alignments for all possible length bin combinations. The reasoning behind
this binning approach is that we wanted to compare the investigated region of the query gene with a
background model consisting of genes that have regions of similar size. For each Arabidopsis gene,
1000 non-orthologous (random) gene families with the same species and ortholog composition as the
query gene were generated and their pairwise alignments were obtained from the background library.
Multi-species conservation is calculated for each family and the footprints obtained from all random
families are binned on length. Each bin needs to contain at least 1000 multi-species footprints together
with their associated scores, otherwise one or more subsequent bins (with greater lengths) were added.
Finally, the statistical significance of each real footprint was then evaluated by counting the number of
footprints in random families that have an equally good or better SMSP in the associated background
length bin. Comparison of results between using a background library and generating these random
families on-the-fly for each gene has pointed out that the results are not altered but processing time is
greatly improved. Again, the real and control run were compared and footprints in the real run with a
p-value that corresponds to a FDR ≤ 10% were retained.
Browsing results in GenomeView
The complete set of CNSs, overlapping known motifs and DH sites can be browsed through the link
http://bioinformatics.psb.ugent.be/cig_data/Ath_CNS/Ath_CNS.php. While loading, when
asked, the file format needs to be specified to BED format.
Protein-coding potential of CNSs
The coding potential of a CNS was determined using BLASTX (Altschul et al., 1990) against the PLAZA
2.5 protein database (780,667 proteins from 25 Viridiplantae species) and all significant hits were re-
moved. To establish an appropriate e-value cutoff for a significant hit, we randomly permuted each
sequence in our CNS dataset set and performed the BLASTX search using this set of sequences to obtain
the distribution of e-values for random sequences with the same length distribution.(Baxter et al., 2012)
We then performed the same BLASTX search on the real sequences, using the minimum e-value from
the random set (e-value ≤ 0.001) as the cutoff for a significant hit.
Overlap of CNSs with benchmarks
Our CNS dataset was compared with different functional datasets. The first one was the Arabidopsis
thaliana promoter binding element database (AtProbe) (http://exon.cshl.org/cgi-bin/atprobe/
instance.pl), which contains 172 experimentally determined regulatory sequences in 76 Arabidopsis
genes. This dataset was curated by removing results from promoter deletion experiments and CREs for
which mapping data was not correct with the coordinates in the dataset, resulting in a dataset of 144
CREs present in 63 genes (Supplemental Online Data set 1b). The benchmark dataset was formatted
as a BED file and the overlap (recovery of elements) was determined using the BEDTools function in-
tersectBed with -u parameter and the -f parameter on 0.5.(Quinlan and Hall, 2010) This means that an
experimental CRE was considered ’correctly identified’ if more than half of the region was overlapping
with a CNS. CNS datasets from three recent studies were obtained through the UCSC genome browser
at http://genome.genetics.rutgers.edu/ (table top10conserved) for Hupalo and Kern (2013), the
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authors for the CNS data of Arabidopsis from Haudry et al. (2013) or were assembled from supple-
mentary data.(Baxter et al., 2012) These files were also formatted as BED files and compared with the
AtProbe benchmark. False positives were determined by shuffling the AtProbe dataset 1000 times using
shuffleBed, excluding coding sequences and the actual AtProbe instances. The overlap with CNS files
was determined for each shuffled file and the median number of recovered elements over 1000 shuffled
files was used as a measure for false positives. This estimation of false positives was used to calculate a
fold enrichment, defined as the ratio between observed overlap and expected overlap by chance.
A list of 2807 in in vivo functional targets was assembled from genes that were annotated to a TF
ChIP-Seq peak in non-coding DNA in which a DNA motif was significantly enriched, and that show
regulatory response in the corresponding TF perturbation experiment (see Supplemental Online Data set
2b). Overlap and enrichment for in vivo functional targets was determined in the same way as for the
AtProbe benchmark. For DH sites and histone modifications datasets the number of overlapping CNSs
was also determined using BEDTools. Enrichment of our CNS dataset for these marked chromatin
regions was determined as described above.
Detection of DNase I hypersensitive sites and histone modifications
The BED files with the flower and leaf DH sites were downloaded from the SRA database, SRA acces-
sion number SRP009678.(Zhang et al., 2012b) The histone modification datasets (H3K4me3, H3K4me2,
H3K9ac) were downloaded from the SRA database, GEO accession number GSE28398.(Luo et al.,
2013) The reads were mapped to the unmasked TAIR10 reference genome of Arabidopsis thaliana
(TAIR10_chr_all.fas; ftp.arabidopsis.org) using CLC assembly cell 4.2.0 with -c parameter for col-
orspace reads and -r to ignore redundant reads. Peak calling was performed using DFilter 1.0 with
-std 2.(Kumar et al., 2013)
ChIP-Seq in vivo targets
For the ChIP-Seq datasets (PHYTOCHROME INTERACTING FACTOR 4 [PIF4](Oh et al., 2012),
PHYTOCHROME INTERACTING FACTOR 5 [PIF5](Hornitschek et al., 2012), APETALA1 [AP1](Kaufmann
et al., 2010b), APETALA2 [AP2](Yant et al., 2010), FLOWERING LOCUS C [FLC](Deng et al., 2011),
FAR-RED ELONGATED HYPOCOTYLS 3 [FHY3](Ouyang et al., 2011), PSEUDO RESPONSE REG-
ULATOR 5 [PRR5](Nakamichi et al., 2012), APETALA3 [AP3](Wuest et al., 2012), PISTILLATA
[PI](Wuest et al., 2012) and PHYTOCHROME INTERACTING FACTOR 3 [PIF3](Zhang et al., 2013)),
raw reads were downloaded from the SRA database (SRA accession numbers SRP010570, SRP010315,
SRP002174, SRP002328, SRP005412, SRP007485, SRP011389, SRP013458, SRP014179). The qual-
ity of the raw data was checked with FASTQC (v0.10.0; http://www.bioinformatics.bbsrc.ac.
uk/projects/fastqc/). Adaptors and other overrepresented sequences were removed using fastx
(v0.0.13; http://hannonlab.cshl.edu/fastx_toolkit/). The reads were mapped to the unmasked
TAIR10 reference genome of Arabidopsis thaliana
(TAIR10_chr_all.fas; ftp.arabidopsis.org) using BWA with default settings (v0.5.9(Li and Durbin,
2009)). Reads that could not be assigned to a unique position in the genome were removed using sam-
tools (v0.1.18(Li et al., 2009)) by setting the mapping quality threshold (-q) at 1. Redundant reads
were removed, retaining only one read per start position, using Picard tools (v1.56; http://picard.
sourceforge.net). Peak calling was performed using MACS (v2.0.10; (Zhang et al., 2008)). The
genome size (-g) was set at 1.0e8, and the FDR cut-off was set at 0.05. Other parameters were set at their
default values.
For the ChIP-chip data (BRI1-EMS-SUPPRESSOR 1 (BES1)(Yu et al., 2011), SUPPRESSOR OF
OVEREXPRESSION OF CO 1 (SOC1)(Tao et al., 2012), AGAMOUS-LIKE 15 (AGL15)(Zheng et al.,
2009), LEAFY (LFY)(Winter et al., 2011) and FUSCA 3 (FUS3)(Wang and Perry, 2013), raw CEL files
were downloaded from GEO (GEO accession numbers GSE24684, GSE33297, GSE17717, GSE28063,
GSE43291). The Affymetrix Tiling array bpmap files were updated to the current TAIR10 annotation
with Starr. Peak Calling was performed with rMAT.(Droit et al., 2010) The PairBinned method was used
to normalise the arrays. Peaks were called using a FDR cutoff of 0.05 except for the datasets GSE13090,
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GSE24684, GSE43291, and GSE40519, in which the p-value was set of 1 x 10-3 (in analogy to the
original study, and necessary to obtain peak calling results). The minimum requirement of consecutive
enriched probes was set at of eight. Other parameters were left at their default setting.
Peak regions were annotated based on the location of their summits as determined by MACS. A
peak was assigned to the closest gene as annotated in the TAIR10 release present in the PLAZA2.5
database.(Van Bel et al., 2012) Both upstream, intron and downstream regions of the peak were taken into
account. The complete (exon-masked) peak regions were submitted to the Peak-Motifs algorithm using
default settings.(Thomas-Chollier et al., 2011) The p-value for motif enrichment in the peak set compared
with the genomic background was calculated by mapping the motifs using matrix-scan (Turatsinze et al.,
2008) (using the same default parameters of Peak-Motifs) in 1,000 random sets of peaks of the same
size and length distribution sampled without replacement from the complete intergenic genome space.
Only motifs with significant enrichment (p-value ≤ 0.05) towards peak regions for a specific TF were
retained. Lists of differentially expressed genes following perturbation of the TF were gathered from
their respective publications (for SOC1, the original study describing the data was (Seo et al., 2009)).
Construction and analysis of a CNS-based gene regulatory network
Based on the known motifs compiled from the different databases and literature (see section Comparative
Motif Mapping), we retained 157 TFs for which specific motif information was available. A conserved
gene regulatory network was created with intersectBed (-f parameter was set to 1 demanding complete
motif presence in the conserved region, -u parameter was also used), which determined the overlap be-
tween a BED file containing all CNSs, together with their associated genes, and BED files with genome-
wide occurrences of the motifs of all 157 TFs. Although in most cases experiments have confirmed the
specificity of the association between a TF and its binding site, we cannot exclude that predicted target
genes identified through a CNS are regulated by a member of the same TF family. Overlap between the
predicted GRN and the experimental network (n=1092) was evaluated by counting how may TF-target
interactions from the experimental network were present in the predicted network and enrichment be-
tween two networks was defined as the number of interactions that are present in both networks divided
by the number of interactions expected by chance. The number of common interactions expected by
chance is given by the mean of the hypergeometric distribution: N1*N2/T, where N1 and N2 are the
number of interactions in the two networks, and T is the total number of possible interactions. Statistical
significance of the observed number of overlapping edges was evaluated using the hypergeometric dis-
tribution.(Marbach et al., 2012b) Overlap was also determined per TF, demanding that a TF had at least
ten target genes.
Functional enrichment was determined for each network by using five biological datasets. Three
functional datasets, Gene Ontologies (Ashburner et al., 2000), Mapman (Thimm et al., 2004), func-
tional modules (Heyndrickx and Vandepoele, 2012) and two expression datasets, a stress expression
compendia (336 microarray experiments) and a developmental expression compendia (135 microarray
experiments).(De Bodt et al., 2010)
For the functional annotation datasets the enrichment of functional terms was determined within the
set of target genes for each TF through the hypergeometric distribution with Bonferroni correction. A
enrichment score (-log(p-value)*fold enrichment) was created for each significantly enriched term and
the average of all enrichment scores within the network was determined. For Gene Ontology only GO
slim terms were taken into account. For the expression datasets a gene pair was considered to be co-
regulated in the given network if the two genes had ≥50% of their regulators in common. These gene
pairs were identified by computing the Jaccard similarity coefficient between the set of regulators of the
first gene and the second gene. For each co-regulated gene pair, we then measured the similarity of the
expression profile between both genes using the Pearson correlation coefficient. Finally, the biological
similarity was summarized by taking the average over all co-regulated gene pairs. For both functional
annotation and expression datasets the same procedure was repeated for 100 randomized versions of the
network, and fold enrichment was computed as the ratio of the average functional enrichment score,
or average Pearson correlation coefficient, of the original network to the average of the randomized
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networks. Network randomization was done by permuting the labels of all TFs and permuting the labels
of all genes, which preserves the network structure. This assures that the observed enrichment is not due
to potential biases arising from structural properties of the network. Statistical significance was assessed
at a level of 0.05 using a one-sided Wilcoxon rank-sum test to compare the functional enrichment scores
or Pearson correlation coefficient from the original network with a random sample from the randomized
networks that has the same size as the real set of scores.(Marbach et al., 2012b) P-values obtained using
100 randomizations were identical to those from obtained through 1000 randomizations.
Construction and analysis of condition-specific GRNs
Co-expression was determined between all TFs and target genes using the Pearson correlation coef-
ficient based on 11 CORNET expression compendia: Abiotic stress TAIR10 (256 exp), Biotic stress
TAIR10 (69 exp), Microarray compendium 2 TAIR10 (111 exp), Development TAIR10 (135 exp),
Flower TAIR10 (72 exp), Hormone treatment TAIR10 (140 exp), Leaf TAIR10 (212 exp), Root TAIR10
(258 exp), Seed TAIR10 (83 exp), Stress (abiotic+biotic) TAIR10 (336 exp), Whole plant TAIR10 (85
exp) from.(De Bodt et al., 2010) A Z-score transformation of correlation coefficients was performed
in order to determine significant co-expression. A TF-target interaction was deemed significantly co-
expressing if the Z-score was bigger or smaller than 2. Only TF-target interactions that showed signifi-
cant co-expression in less than four compendia was used as an additional filter to obtain specificity. This
threshold was selected because of the presence of three stress-related compendia.
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CHAPTER4
A Collection of Conserved Non-Coding Sequences to
Study Gene Regulation in Flowering Plantsa
Abstract
Transcription factors (TFs) regulate gene expression by binding cis-regulatory elements, of which the
identification remains an on-going challenge owing to the prevalence of large numbers of non-functional
TF binding sites. Powerful comparative genomics methods, such as phylogenetic footprinting, can be
used for the detection of conserved non-coding sequences (CNSs), which are functionally constrained
and can greatly help in reducing the number of false-positive elements. In this study, we applied a
phylogenetic footprinting approach for the identification of CNSs in ten dicot plants, yielding 1,032,291
CNSs associated with 243,187 genes. To annotate CNSs with TFBSs, we made use of binding site
information of 642 TFs originating from 35 TF families in Arabidopsis. In three species, the identified
CNSs were evaluated using TF chromatin immunoprecipitation sequencing (ChIP-Seq) data resulting in
significant overlap for the majority of datasets. To identify ultra-conserved CNSs, we included genomes
of additional plant families and identified 715 binding sites for 501 genes conserved in dicots, monocots,
mosses and green algae. Additionally, we found that genes part of conserved mini-regulons have a higher
coherence in their expression profile than other divergent gene pairs. All identified CNSs were integrated
in the PLAZA 3.0 Dicots comparative genomics platform (http://bioinformatics.psb.ugent.be/
plaza/versions/plaza_v3_dicots/) together with new functionalities facilitating the exploration of
conserved cis-regulatory elements and their associated genes. The availability of this dataset in a user-
friendly platform enables the exploration of functional non-coding DNA to study gene regulation in a
variety of plant species, including crops.
aThis chapter is based on Van de Velde et al. (2016) J.V.d.V. and K.V. designed the research methodology; J.V.d.V. and M.V.B. performed data cleaning and
analysis; M.V.B. designed the Web site; D.V. created the RNA-Seq expression compendium; J.V.d.V., M.V.B., and K.V. wrote the article. A complete reference can
be found in Chapter 8.
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4.1 Introduction
DNA sequences that are not actively transcribed and that are conserved across a large number of related
species are called conserved non-coding sequences (CNSs). These regions are assumed to have biolog-
ical relevance because non-functional sequences change at a higher rate during evolution compared to
functional sequences (Tagle et al., 1988). The detection of CNSs in plants remains an on-going challenge,
because established methods applied in animals or fungi are not always compatible with the properties
of plant genomes. The large phylogenetic distance between the currently sequenced dicot plant species
hampers the use of lift overs, in which detected transcription factor binding sites (TFBSs) are transferred
from one species to another through whole-genome alignments. The potential for this transfer is further
decreased by the frequent occurrence of whole-genome duplications and genomic rearrangements in the
genomes of flowering plants. Despite these challenges, within the Brassicaceae clade a set of CNSs
was successfully identified between closely related species (Haudry et al., 2013). Avoiding the step of
whole-genome alignments and replacing it with a multiple pairwise alignment approach has proven to
be a useful alternative method to detect CNSs in distantly related plants (Van de Velde et al., 2014).
Various software tools have also been developed to identify regulatory regions without using sequence
alignments but based on experimental features, such as co-regulation, or using advanced computational
methods (MacIsaac and Fraenkel, 2006). Although the naïve mapping of known or de novo found bind-
ing sites to promoter regions is frequently used to explore cis-regulatory elements, this approach yields
many false positives because TFBSs are often short and typically contain some level of degeneracy in the
binding motif (Tompa et al., 2005). The combination of alignment-free binding site detection combined
with phylogenetic conservation of these regions has shown great promise, because the application of
these methods show significant overlap with experimental TFBSs (Van de Velde et al., 2014).
In Brassicaceae, CNSs have been shown to be under a selective pressure that is comparable to that
of protein-coding sequences (Haudry et al., 2013). CNSs are also enriched for regions of open chro-
matin in Arabidopsis and provide as such a global perspective on possible protein binding to the genome
(Van de Velde et al., 2014). In both of the above-mentioned studies, it has also been shown that CNSs
greatly overlap with TF ChIP-Seq bound regions. This is an important observation, because TFs play
an important role in translating the genotype of plants into their respective phenotype by controlling the
spatio-temporal expression of target genes through (combinatorial) binding on TFBSs. A direct applica-
tion of this feature is the mapping of gene regulatory networks (GRNs) starting from CNSs (Kheradpour
et al., 2007; Van de Velde et al., 2014). A GRN is a set of interactions between a TF and target genes and
gives a global overview of how transcriptional control is steered in the cell through the activity of TFs.
In the past, much of the CNS research has been focused on Arabidopsis (Kaplinsky et al., 2002;
Vandepoele et al., 2006; Thomas et al., 2007; Vandepoele et al., 2009; Baxter et al., 2012; Haudry et al.,
2013; Van de Velde et al., 2014) and grasses (Guo and Moose, 2003; Inada et al., 2003; Turco et al., 2013;
De Witte et al., 2015) with the exception of the analysis of Baxter et al. (2012), where also footprints
were obtained for grape and poplar. Given the limited and biased set of species with available CNSs,
there is a great need for CNS detection in other plant species, because these CNSs offer a practical means
to enhance the construction of GRNs in crops starting from well-studied model species. An exponent
of these CNSs is called ultra-conserved sequences, which are typically long stretches of sequences that
are conserved across very large phylogenetic distances. In vertebrates, they are defined as regions that
are at least 100 bp long and share 100% sequence identity (Stephen et al., 2008). A pioneering study in
plant CNS research suggests that CNSs in grasses (plants) are smaller and far less frequent than those
identified in mammalian genes (Kaplinsky et al., 2002). A recent attempt at identifying very deeply
conserved CNSs reported that sequences conserved throughout the Eudicot clade of flowering plants
could be detected (Burgess and Freeling, 2014). The authors discovered that, based on ten species, a
subset of 37 CNSs could be found in all flowering plants. The detected CNSs were functionally similar to
vertebrate CNSs, being highly associated with TF-encoding and developmental genes and also enriched
in TFBSs (Burgess and Freeling, 2014).
We recently developed a phylogenetic footprinting approach to identify CNSs in Arabidopsis through
the comparison with multiple dicot genomes. Comparator species were selected based on the presence
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of saturated substitution patterns, which means that non-coding regions that are not under functional
constraint will have undergone, on average, one or more mutations. A combination of an alignment-
based and a non-alignment-based approach was used to delineate CNSs. The alignment-based approach
is best summarized as a multiple local alignment strategy, because local pairwise alignments are first
identified and subsequently aggregated on the Arabidopsis reference genome in order to obtain multi-
species footprints. The non-alignment-based approach, called Comparative Motif Mapping (CMM),
requires a candidate motif (e.g. a TFBS represented as a consensus sequence or position count matrix)
as input and assesses the motif conservation in the promoter of an Arabidopsis gene. Conservation is
scored based on the occurrence of the motif in the promoter regions of the orthologs from the query
gene in other species, allowing for incomplete motif conservation (Van de Velde et al., 2014). Here, we
applied this methodology to ten dicot genomes and validated the functional importance of these regions
by comparing them with experimentally determined TFBSs. We also show that a subset of these CNSs
is very deeply conserved in the green plant lineage and can be applied to gain information about the
function of TFs through functional enrichment of their predicted target genes.
4.2 Results
Identification of CNSs in Ten Dicot Plant Genomes
A phylogenetic footprinting method that uses an alignment- and non-alignment-based approach was used
to detect CNSs in ten dicot species representative for eight plant families (Table 4.1). For each query
species, a set of comparator species was selected based on saturated substitution patterns in orthologous
gene pairs (Supplemental Table S1a).As the PLAZA 3.0 platform was released in the time between the
research analyses performed in Chapter 3 and Chapter 4. We wanted to make use of the new and in
some cases more qualitative genome assemblies present in PLAZA 3.0 compared to the ones present in
PLAZA 2.5. Therefore two metrics were devised to compare the different genomes in the aspects most
relevant to the research question. The first metric was assembly completeness assessed by the percent-
age of truncated genes in the assembly of a genome. The second metric was the completeness of the
coding gene space assessed through the presence of a representative gene in each PLAZA gene family.
Based on these two metrics the most high quality set of comparator species, that also satisfied the most
important requirement of saturated substitution rates for non-coding DNA regions, was selected. (Ma-
terials and Methods). Each query species was compared with a set of 13 comparator species including
Arabidopsis thaliana (Arabidopsis), Carica papaya (papaya), Theobroma cacao (cocoa tree), Eucalyp-
tus grandis (rose gum), Prunus persica (peach), Cucumis melo (melon), Glycine max (soybean), Populus
thrichocarpa (poplar), Vitis vinifera (grape), Solanum lycopersicum (tomato), Beta vulgaris (beet), Oryza
sativa (rice) and Amborella trichopoda (Amborella). Three different genomic sequence types were de-
fined to identify CNSs (2 kb upstream, 1 kb downstream, and intron). In this analysis, upstream and
downstream are used relative to the translation start site and translation stop site, respectively. This is
done because it has previously been shown that regulatory elements can be found in the 5’ and 3’ untrans-
lated region (UTR) (Chaboute et al., 2002; Liu et al., 2010; Wang and Xu, 2010). The second reason to
include UTRs is that not all genes have information about their UTR available. Gene orthology informa-
tion was retrieved with the PLAZA 3.0 integrative orthology method (Van Bel et al., 2012; Proost et al.,
2015), which uses a combination of different detection methods to infer consensus orthology predictions,
both for simple one-to-one as well as for more complex many-to-many gene relationships (Materials and
Methods).
For the detection of CNSs, a multi-species alignment-based approach was applied using the Sigma
aligner (Siddharthan, 2006). The CMM approach was used with an enlarged set of 1,211 input sequence
motifs and positional weight matrices for 35 TF families (Supplemental Table S2a and Materials and
Methods). The results of all footprinting analyses are reported in Table I. In total 1,032,291 CNSs were
detected for 243,187 genes (Supplemental Dataset S1b). To determine whether any of the identified CNSs
represent unannotated coding features, we performed a sequence similarity search of all CNSs against a
ahttp://www.plantphysiol.org/content/suppl/2016/06/03/pp.16.00821.DC1/PP2016-00821D_Supplemental_Material.xlsx
bhttp://www.plantphysiol.org/content/suppl/2016/06/03/pp.16.00821.DC1/PP2016-00821D_Supplemental_Dataset_S1.gz
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Table 4.1: Overview of general statistics for the detected CNSs in all investigated plants.
large set of known plant proteins (Materials and Methods). Across all species only 5,223 CNSs, which
corresponds to less than 1% of the total discovered set of CNSs, showed a significant BLASTX hit. These
false-positive CNSs were discarded for downstream analysis. The largest number of CNSs was found
in soybean (213,799), which has also the largest number of genes with a CNS. The smallest numbers of
CNSs were found for tomato (63,428), potato (65,783) and melon (63,803). Both soybean and poplar
cover over 3 Mb in CNSs, which is 3.5 to 4 times as much as Arabidopsis, that has the smallest CNS
sequence space (1 Mb). The mean number of CNSs per gene varies between 3.07 for potato and 5.56 for
grape. The number of CNSs shows a strong correlation with the number of genes in the genome (r2 =
0.74), which is higher than the correlation with the genome size (r2 = 0.33). Because CNSs are detected
per gene, this correlation is to be expected. The median length of CNSs per species varies between 11
and 15 bp (Table I). Whereas Arabidopsis and beet have the smallest median CNS length, peach and
poplar have the largest. The median number of conserved orthologous species for each CNS is found
between four and five comparator species (Fig. 4.1A), which shows that many CNSs are conserved in
more than one comparator species and illustrates the multi-species nature of this approach. An evaluation
of the location of the CNS relative to the query gene was also performed, revealing that the majority of
CNSs are found on the 5’ side of the gene (Fig. 4.1B). There are species such as grape, poplar and
peach, which have a high fraction of CNSs that are found on the 3’ side compared to the other species
analyzed. For poplar, this finding is supported by recently performed ChIP-Seq analysis for four TFs, in
which three TFs were found to have 19 to 25% of the binding events occurring downstream of a gene
(Liu et al., 2015a). In order to further investigate the positional differences of CNSs between species,
a density distribution was made for all CNSs up to 2000 bp upstream of a gene, showing three groups
of CNS densities in the first 500 bp upstream (Fig. 4.1C). Arabidopsis and field mustard show a high
fraction (>= 60%), rose gum shows only 50%, and all other species are found to have a fraction of CNSs
in the first 500 bp between 50% and 60%. There is a strong negative correlation (-0.8) between genome
size and the percentage of CNSs found in the first 500 bp, which suggests that promoters of species with
larger genomes tend to be more stretched out. This result is in agreement with a comparative analysis
performed in grasses, where intergenic region expansions from the small Oropetium thomaeum to the
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larger Sorghum bicolor were observed (VanBuren et al., 2015).
Figure 4.1: Overview of conserved non-coding sequence properties for all query species. A, Overview of significantly
conserved footprints in relation to the number of comparator species in which the footprint was conserved. B, Breakdown of
CNSs over different structurally annotated genomic regions. C, Density of CNSs across the first 2kb upstream of the translation
start site.
Overlap with TF ChIP-Seq Data
To evaluate the functionality of the identified CNSs and to verify whether these conserved footprints
can provide a template to computationally map TF target gene interactions, detailed comparisons of the
CNSs were made with publicly available TF ChIP-Seq experiments from tomato, poplar and soybean.
The ASR1 TF ChIP-Seq dataset from Ricardi et al. (2014) was used for tomato, a TF ChIP-Seq dataset
comprising 2 TFs (NAC and YABBY) was used from Shamimuzzaman and Vodkin (2013) for soybean
and two datasets from poplar were used, one containing the ARK1 TF (Liu et al., 2015b) and one contain-
ing four TFs (ARK2, PRE, PCN and BLR) (Liu et al., 2015a). The number of overlapping TF ChIP-Seq
peaks for each set of CNSs of the corresponding species was determined with the requirement that a CNS
had to completely overlap with a TF ChIP-Seq bound region. The overlap of CNSs with the respective
TF ChIP-Seq bound regions is shown in Figure 4.2. In poplar, both ARK datasets show a high recovery
(62%-64%) of ChIP peaks, opposed to the recovery of PRE, which is rather low (11%). The recovery
of the ASR1 dataset is also very low (4%). Certain datasets have a very low (ASR1 and PRE) or high
(ARK1 and YABBY) number of bound regions, compared with results from a recent overview study of
TF ChIP-Seq analyses in Arabidopsis (Heyndrickx et al., 2014), which might have an influence on the re-
sults of the overlap analysis. Additionally, instead of determining the overlapping true positive instances,
we also estimated false positives by reshuffling the TF ChIP-Seq genomic locations 1000 times across
the genome and determining the overlap with CNSs detected for each species. The estimated number of
false positives was used to determine the enrichment for known TF ChIP-Seq bound regions (observed
number of elements over expected number of elements, Materials and Methods). This approach does not
guarantee that the reshuffled dataset, which covers in essence randomly selected non-coding genomic
regions that have no overlap with real bound regions, contains only true negatives. However, the shuffled
dataset can be used as a proxy to estimate the specificity. Although the recovery rate for individual TFs
varied greatly, the enrichment analysis showed that for six out of eight TFs, the number of overlapping
peaks was significantly higher compared with those expected by chance (p<0.001, Table 4.2).
Quantifying the Evolutionary Conservation of TF Target Gene Interactions
In order to obtain an overview of the evolutionary conservation of TF target gene interactions in the
green plant lineage (Viridiplantae), the deep conservation of TFBSs was evaluated. Therefore, the CMM
approach was repeated for Arabidopsis, but with a larger number of comparator species (Physcomitrella
patens, Chlamydomonas reinhardtii and Ostreococcus lucimarinus) sampling a larger number of plant
families (Funariaceae, Chlamydomonadaceae, Bathycoccaceae; Supplemental Dataset S2a). This al-
lowed the predicted target genes for each TFBS to be stratified into five phylogenetic clades. The anal-
ysis was performed using dicot species as a reference, so the first level of conservation was only within
the dicots. If a TFBS was also conserved in Oryza sativa, it was labeled angiosperms, indicating that
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Figure 4.2: Recovery of TF ChIP-Seq bound regions using CNSs. Percentage of TF ChIP-Seq bound regions overlapping
with a CNS for each individual TF. *** indicates that the p-value of the enrichment was smaller than 0.001.
Table 4.2: Overview of the TF ChIP-Seq overlap analysis including the fold enrichment and p-value.
the binding site was conserved in dicots and monocots. The label Magnoliophyta was given to interac-
tions that were conserved in the flowering plants comprising dicot, monocot and Amborella. The last
two clades were Embryophyta and Viridiplantae, if the interactions were conserved in Physcomitrella
patens and Chlamydomonas reinhardtii or Ostreococcus lucimarinus, respectively. There are 10,976
genes with at least one conserved element in dicots (44% of genes with conserved orthologs in dicots),
5,788 genes for the angiosperms clade (26%), 2,917 for the Magnoliophyta clade (13%), 1,568 genes
for the Embryophyta clade (8%) and 501 genes for the Viridiplantae clade (4%). As expected, these
501 genes cover Gene Ontology (GO) terms related to basal functions such as transport, carbohydrate
metabolism and cell cycle. For all above counts, full conservation in all clades was required, but not in
all species of that clade. The median number of species in which a binding site was conserved ranged
from 87% for Viridiplantae to 40% for dicots (Supplemental Table S3a). These numbers illustrate that
the early diverging clades have a higher level of species conservation across all species than the younger
clades. This could indicate that these evolutionary deeply conserved binding sites are playing a regula-
tory role in essential biological processes whereas less deeply conserved binding sites are more involved
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in clade-specific developmental or responsive processes. In order to further study the evolutionary con-
servation of regulatory interactions, the evolutionary depth for which an ortholog of the TF that is linked
to the conserved binding site could reliably be detected was taken into account. Adding this additional
criterion greatly reduced the number of genes for which a conserved interaction could be detected in
the distant clades (Supplemental Table S3a). The Embryophyta clade contains 334 genes after filtering
(365 interactions) and in the Viridiplantae clade only 8 genes remain (10 interactions). These results
illustrate that reliably detecting orthologs over very large evolutionary distances is inherently difficult.
An example of a regulatory interaction that is conserved in Viridiplantae is the interaction between the
E2Fa TF and POL2A, a DNA polymerase epsilon catalytic subunit. This interaction is shown in Figure
4.3 together with other regulatory interactions for E2F TFs that are conserved in angiosperms, Em-
bryophyta or Viridiplantae. To illustrate the validity of these predictions we compared the conserved
TF target genes to tandem chromatin affinity purification (TchAP) bound target genes of E2Fa (Verkest
et al., 2014) and differentially expressed genes upon overexpression of E2Fa (Naouar et al., 2009). This
comparison revealed that in total 108 out of 119 predicted target genes for E2Fa are supported by exper-
imental evidence (82 are bound and regulated, 100 are bound and 90 are regulated). We also integrated
the predicted target genes with a set of genes that were deemed to be involved in cell cycle because
they display peak expression during specific stages of the cell cycle (Menges et al., 2003). Six of the
predicted target genes display this cell cycle dependent expression pattern. Although the majority of
these predicted deeply conserved target genes are known to be involved in cell cycle related processes,
several genes lack detailed functional annotation. AT4G33870, AT4G23860, AT1G77620 AT3G48540,
AT1G61000 and AT3G27640 are all predicted deeply conserved target genes that are also supported by
experimental evidence. These genes however lack information about the specific biological processes
they are involved, except for AT4G23860 and AT3G27640, which have been assigned to a functional
module involved in DNA-dependent DNA replication (Heyndrickx and Vandepoele, 2012). Both the
conserved E2F binding sites and the integrated experimental datasets strongly suggest that these genes
play an important role in cell cycle related processes.
Obtaining functional annotation through GO enrichment of conserved target genes.
Apart from focusing on deeply conserved CNSs, the large number of binding sites conserved in Dicots
can also be used to functionally characterize individual TFs, through GO enrichment of the associated
conserved target genes (Materials and Methods). Known functions from literature were used to evaluate
if the enriched GO terms were correct. MYB58 and MYB63 activate lignin biosynthesis in fibers and
vessels (Zhou et al., 2009) and for both genes, we found the GO term lignin biosynthetic process to be
enriched in target gene sets conserved in the dicot clade. Also, both MYB46 and MYB83 are known to
be involved in secondary cell wall processes (Zhong and Ye, 2012; Kim et al., 2013). Many enriched
GO terms of the target genes of these TFs were related to the regulation of lignin biosynthesis and
to cellulose and xylan biosynthetic processes (Supplemental Table S4a). MYB84 is part of the set of
three regulators of axillary meristem (RAX) genes that are partially redundant regulators of axillary
meristem formation (Muller et al., 2006). In the set of target genes, we observed the axillary shoot
meristem initiation and meristem maintenance GO terms, confirming this function (Supplemental Table
S4a). The TF MYB3 represses phenylpropanoid biosynthetic gene expression (Dubos et al., 2008) and
we indeed recovered the enriched GO term regulation of phenylpropanoid metabolic process for this
gene set. A direct predicted target of MYB3 is MYB4, which together with MYB32 can influence
pollen development by changing the flux along the phenylpropanoid biosynthetic pathways, affecting
the composition of the pollen wall (Preston et al., 2004). Both TFs showed enrichment toward the GO
term regulation of phenylpropanoid metabolic process. MYB4 has also been shown to be involved in
the production of UV-protecting sunscreens in Arabidopsis in response to light stress (Jin et al., 2000).
The GO term anthocyanin accumulation in tissues in response to UV light was representative for this
proposed function. (Supplemental Table S4a). The enriched GO terms positive regulation of flavonoid
biosynthetic process and flavonol biosynthetic process for MYB111 were a validation of its role in the
biosynthesis of flavonol (Stracke et al., 2007). Prevalent throughout the whole GO enrichment table for
these MYB TFs were GO terms related to flavonoid biosynthetic processes or related to precursors of
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Figure 4.3: A gene regulatory network of predicted conserved target genes for E2Fa, E2Fc and E2Fe. All interactions
that are conserved in angiosperms, Embryophyta or Viridiplantae are shown. Interactions conserved up to angiosperms are
shown in yellow, up to Magnoliophyta in red, up to Embryophyta in green line and conserved up to Viridiplantae in black.
Experimental evidence is indicated by the edge type: a solid line indicates that an interaction is supported by both TchAP-seq
binding and differential expression upon TF perturbation, a striped and dotted line indicates that the target gene was only
differentially expressed and a dotted line indicate that a prediction was not supported by experimental evidence or that no
experimental evidence was available.
flavonoids. This finding suggests a link between MYB TFs and their role in stress response, which is
supported by previous research that has shown that flavonoid biosynthesis is up-regulated in response to
a wide range of abiotic stresses, such as cold, salinity and drought (Supplemental Table S4a) (Ma et al.,
2014).
Discovery and exploration of conserved mini-regulons
Gene rearrangements occur frequently during the evolution of prokaryotic and eukaryotic genomes. The
number of rearrangements appears to be a function of the phylogenetic distance between the organisms
being studied. Little collinearity in gene order has been observed between Arabidopsis and other dicot
genomes due to the large evolutionary distance that separates them (Supplemental Fig. A.1). All previ-
ous analyses have focused on linking a conserved binding site of a TF to a target gene. In this paragraph
we explore whether we can detect more complex transcriptional units, focusing on divergent gene pairs.
Divergent gene pairs are sets of genes that have their TSS directed towards each other and as such have
parts of their upstream region shared. These pairs of genes have shown to have a higher correlation in ex-
pression than random gene pairs (Krom and Ramakrishna, 2008). First, 6501 divergent gene pairs were
identified in the genome of Arabidopsis thaliana. Out of this total set of divergent gene pairs 576 also
had a shared conserved cis-regulatory element that was identified for each gene independently. We also
checked whether the divergent orientation of these gene pairs was conserved in orthologous gene pairs
across other genomes. There were 2238 gene pairs that had their orientation conserved in orthologous
gene pairs in one or more other genomes, and 174/2238 gene pairs also had a shared conserved binding
site conserved across these orthologous gene pairs. An example of a deep conserved gene pair with a
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shared conserved binding site is TOM5 (AT5G08040) and DUF1118 (AT5G08050) that have a conserved
PIF1 binding site and conserved orientation in orthologous gene pairs of six other genomes, including
rice. In a next step the correlation in expression profile of gene pairs part of these different categories of
divergent gene pairs was evaluated using Pearson correlation coefficients (PCCs) based on a RNA-seq
expression compendium (Supplemental Table S5a and Materials and Methods). A comparison of abso-
lute PCCs for each of the four categories is shown in Figure 4.4A and shows an increase in correlation
between gene pairs when a conserved binding site is present. The difference is maximal when both bind-
ing site and divergent orientation are conserved across multiple genomes. A significant difference was
observed between gene pairs with a conserved binding site and conserved orientation compared to basic
divergent gene pairs and divergent gene pairs with conserved orientation. This finding hints towards the
existence of conserved mini-regulons where the presence of a conserved regulatory element results in
increased co-expression of flanking genes, suggesting tight co-regulation. In order to analyze these 174
mini-regulons in more detail PCCs were also calculated for the TF that is linked to the conserved binding
site (Supplemental Table S6a). In 12 out of these 174 cases there were also striking similarities in the
gene expression profiles of the TF and both gene pairs (Materials and Methods). One example is shown
for a conserved BES1 binding site between YLMG2 (AT5G21920) and PAA2 (AT5G21930) conserved
in three genomes (cocoa tree, rose gum and grape) and with strong positive PCCs between the genes
and TF itself (PCC> 0,70, Fig. 4.4B). A second example is shown for a conserved PIF5 binding site be-
tween ANS (AT4G22880) and PGR5-LIKE A (AT4G22890) conserved in four other genomes (papaya,
eucalyptus, poplar, and grape) also with a strong positive PCC between the flanking genes and the TF.
Exploration and Visualization of Plant CNSs through the PLAZA 3.0 Dicots Platform
The CNSs detected for all ten dicot query species were uploaded to the PLAZA 3.0 Dicots database
and a number of new features were added to facilitate their exploration. On each gene page, a link was
added to the toolbox to explore the conserved binding sites (CNSs overlaid with all TFBSs used in this
study) for that gene. On this page, a complete overview per investigated region, upstream, downstream
or intron is given for all retrieved binding sites per gene. Complementary, conserved binding sites are
also visualized using the GenomeView genome browser for all ten species (Abeel et al., 2012). On
all Arabidopsis TF-encoding gene pages that have TFBS information, a tab was added containing the
associated binding sites for that TF. Besides additions to the gene pages, a binding site page was also
created for all motifs and position weight matrices used in this study. On these pages, a common name,
description and sequence logo are provided for each binding site, together with the total number of
genes associated with this binding (Supplemental Fig. B.1A). Breakdowns of the number of target genes
per species and per investigated region are depicted as pie charts (Supplemental Fig. B.1B). Different
functionalities are provided in the toolbox section on the binding site page: there is the possibility to
explore the associated gene families, as well as GO, MapMan and InterPro functional annotations, based
on the conserved target genes. The toolbox also contains the opportunity to look for binding sites with a
similar binding profile (Supplemental Fig. B.1C).
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Figure 4.4: Transcriptional coherence of divergent gene pairs with and without conserved binding sites. A, The distribu-
tion of absolute Pearson correlation coefficients for all divergent gene pairs is split into four categories. These categories are
divergent gene pair, divergent gene pair with orientation conservation, divergent gene pair with conserved binding site and di-
vergent gene pair with conserved binding site and orientation conservation. * and ** indicate that the p-value of the Wilcoxon
rank sum test was smaller than 0.05 and 0.01, respectively. B, Two examples of conserved mini-regulons. The conserved bind-
ing site is indicated in the center together with the Pearson correlation coefficients between the TF and the divergent genes.
Below the divergent genes, the orthologous genes with conserved divergent configurations and the presence of a conserved
binding site in other species are shown.
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4.3 Discussion
In this study, we applied a phylogenetic footprinting approach to identify CNSs in ten dicot species.
This approach uses both alignment-based and alignment-free techniques and combines different gene
orthology prediction methods that do not rely on synteny information. In this manner, it circumvents
the step of whole-genome alignment, which is difficult owing to the frequent nature of polyploidy and
genome rearrangements in plant genomes. As such, our approach is well suited to incorporate more
distantly related species including many-to-many gene orthology relationships. A set of high-quality
comparator species was selected for each query species, ensuring that a saturated substitution rate in the
absence of selection was present. Across all experiments, 1,032,291 CNSs were detected for 243,187
genes. A strong correlation was detected between the number of CNSs and the total number of genes
present in a genome, whereas no strong correlation could be detected between the total number of CNSs
and the genome size. There is however another manner in which genome size could be correlated with
promoter architecture. The fraction of CNSs in the first 500 bp upstream of the translation start site
compared with the total number of CNSs was inversely correlated with genome size. This indicates that
smaller genomes have their functional elements packed more closely toward the translation start site of
the gene compared with larger genomes and as such have smaller promoters. The detected CNSs were
compared with TF ChIP-Seq data from poplar, soybean and tomato. We found that CNSs were enriched
for TF bound regions compared with randomly selected regions for six out of eight datasets, illustrating
the functional regulatory character of these sequences. Furthermore, using a more extended phylogenetic
sampling than used in previous research (Burgess and Freeling, 2014), we were able to discover 715
TFBSs for 501 genes that were conserved from dicots to Viridiplantae. Functions associated with this
gene set comprise basal biological processes such as transport, carbohydrate metabolism and cell cycle.
The fact that these functions are not highly specialized for flowering plants is in concordance with the
predicted age of these interactions. When the presence of the orthologous TF in the comparator species
was also taken into account we were able to discover deeply conserved interactions that showed strong
experimental support for the E2FA TF. Through GO enrichment of the target genes of TFs, we were
able to predict putative functional annotations and confirm known functions for different sets of TFs.
This process of assigning functions to the predicted target genes proves useful for genes for which little
functional information is available. Assessing the functional coherence of target genes is an alternative
manner to validate regulatory interactions and is based on the idea that genes that are part of the same
biological pathway are regulated by similar sets of TFs (Marbach et al., 2012b; Lindemose et al., 2014).
The idea that conserved binding sites exert a regulatory role on a bigger scale than only on the clos-
est gene is largely unexplored in plants. To obtain possible mechanistic insights from the presence of
conserved binding sites on gene regulation, we investigated the effect on co-expression of a conserved
binding site located between divergent gene pairs. Previously Krom and Ramakrishna (2008) reported
that specific regulatory elements were overrepresented in divergent or convergent gene pairs with a strong
correlation in gene expression. In this analysis we were able to show that the presence of a conserved
binding site leads to a significant increase in transcriptional coherence compared to divergent gene pairs
that did not share a conserved binding site. This effect became stronger when the divergent gene pair was
also conserved in the corresponding genomes where the binding site was conserved. This co-occurrence
of binding site conservation and divergent orientation conservation was called a mini-regulon. Finally,
through a background model of randomly generated mini-regulons, several cases were discovered where
the gene expression profile of the TF was strongly correlated with the divergent gene pair linked to
the conserved binding site. These conserved mini-regulons represent examples of spatially-conserved
transcriptional units encompassing multiple target genes conserved in multiple plant genomes.
In order to get a better understanding of the organization as well as the function of TFs, it is crucial
to study GRNs. CNSs have shown to be important stepping stones for generating functionally relevant
GRNs based on TFBSs (Kheradpour et al., 2007; Van de Velde et al., 2014). In the past, much of CNS
research has focused on Arabidopsis and grasses. With the availability of CNSs for an increasing num-
ber of dicot species, it now becomes possible to leverage existing regulatory annotation approaches in
non-model species. A widely used approach to elucidate the function of a TF is to perturb the given
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TF and compare expression profiles of the wild-type and perturbed state, leading to lists of differentially
expressed genes on which de novo motif finding is often performed to obtain new insights on the regula-
tion of these genes. The combination of these motifs with conservation analysis is a powerful approach
to identify genome-wide bona fide target genes with these motifs and can help to unravel the underlying
regulatory cascade, as was recently shown for leaf development in maize (Yu et al., 2015). Another
approach in which CNSs can play a key role is the translation of existing knowledge of GRNs in model
species into economically more interesting species, which is however not trivial owing to the occurrence
of evolutionary changes. On the gene level, duplication and loss events play an important role. On the
binding site level, the movement, as well as the gain and loss of TFBSs can occur. Both of these types
of events can lead to the disappearance or the creation of regulatory interactions (Dermitzakis and Clark,
2002). Given these obstacles, CNSs can provide a useful tool for guiding the delineation of GRNs.
The integration of this large dataset in the PLAZA 3.0 Dicots platform opens up opportunities for
plant scientists to quickly gain information about putative regulators of a gene of interest. It also allows
for downstream analysis, such as functional enrichment of target genes of a TF or the investigation of
the associated gene families. The presentation of this CNS dataset in an easy accessible form offers
advantages for non-computational scientists to access this data and generate new regulatory hypotheses
in a diverse set of plant species.
4.4 Material and Methods
Sequence and Orthology Information
The 18 species used in this study were Arabidopsis thaliana (TAIR10) (consoritium, 2000), Brassica
rapa (FPsc v1.3, DOE-JGI) (Wang et al., 2011), Carica papaya (Hawaii Agriculture Research Center)
(Ming et al., 2008), Glycine max (JGI 1.0) (Schmutz et al., 2010), Populus trichocarpa (JGI 2.0) (Tuskan
et al., 2006), Theobroma cacao (CocoaGen v1.0) (Argout et al., 2011), Vitis vinifera (Genoscope v1)
(Jaillon et al., 2007), Eucalyptus grandis (JGI 1.1) (Myburg et al., 2014), Cucumis melo (Melonomics
v3.5) (Garcia-Mas et al., 2012), Prunus persica (JGI 1.0) (The International Peach Genome Initiative
et al., 2013), Solanum lycopersicum (ITAG 2.3) (Consortium, 2012), Solanum tuberosum (ITAG 001)
(Consortium, 2011), Beta vulgaris (RefBeet 1.1) (Dohm et al., 2014), Oryza sativa (MSU RGAP 7)
(Project, 2005), Amborella trichopoda (Amborella V1.0) (Project, 2013), Physcomitrella patens (JGI
1.6) (Rensing et al., 2008), Ostreococcus lucimarinus (JGI 2.0) (Palenik et al., 2007) and Chlamy-
domonas reinhardtii (JGI 5.5) (Merchant et al., 2007), and sequences were obtained from the PLAZA
3.0 database (Proost et al., 2015). Three sequence types, i.e. upstream, downstream, and intronic, were
used to identify CNSs. Upstream sequences were restricted to the first 1000 or 2000 bp upstream of
the translation start site or to a shorter region if the adjacent upstream gene is located within a distance
smaller than 1000 or 2000 bp. The 1000- and 2000 bp upstream sequences were processed as two inde-
pendent runs. Downstream sequences were restricted to the first 1000 bp downstream of the stop codon
or to a shorter region if the adjacent downstream gene was within 1000 bp. The intronic sequence type is
defined as the complete gene locus starting from the translation start site with exons masked. Orthologs
for each gene were determined in 17 species using the PLAZA 3.0 Integrative Orthology method (Proost
et al., 2015). The included orthology detection methods are OrthoMCL (Li et al., 2003), phylogenetic
tree-based orthologs, and BHIF (Van Bel et al., 2012; Proost et al., 2015). Two orthology definitions were
used. The first definition uses a simple best BLAST hit-derived method that includes in-paralogs, called
best-hit and in-paralogous families (BHIF), whereas the second definition, called Integrative Orthology,
requires that at least two PLAZA detection methods confirm an orthologous gene relationship.
Species Selection
An average pairwise Ks matrix was created with the PLAZA 3.0 platform, by calculating the Ks be-
tween all one-to-one collinear homologs of each species combination. Ks is defined as the number of
synonymous substitutions per synonymous site. This was done to confirm that all included species have
saturated substitution patterns (mean Ks > 1) when comparing orthologous gene pairs with one another
(Proost et al., 2015). Saturated substitution patterns indicate that in the absence of selection, the average
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position in a DNA sequence stretch has undergone at least one substitution. To detect CNSs in potato,
tomato was removed as a comparator species and Arabidopsis was removed when Brassica rapa (field
mustard) was analyzed. This was done because substitution rates are not saturated between the genomes
of these two combinations of species. To make a more informed decision of which comparator species to
include, two other metrics were calculated via the PLAZA 3.0 platform. The first metric was the percent-
age of protein-coding genes that were not complete (truncated) in the genome assembly. This percentage
was assessed by counting for all gene families which genes were removed from the multiple sequence
alignment used to generate the phylogenetic tree for each gene family (Proost et al., 2009). The second
metric was the percentage of gene families for which a given species did not have a representative gene.
Detection of CNSs using Comparative Motif Mapping and Alignment-Based Phylogenetic Footprinting
The comparative motif mapping algorithm was performed as described in Van de Velde et al. (2014).
Known binding sites were mapped on the regions covered by the three sequence types for all included
species using DNA-pattern allowing no mismatches (Thomas-Chollier et al., 2011). A total of 690 cis-
regulatory elements were obtained from AGRIS (Yilmaz et al., 2011), PLACE (Higo et al., 1999), and
Athamap (Steffens et al., 2004). In addition, 44 positional count matrices were obtained from Athamap,
and for 15 TFs, positional count matrices were obtained from ChIP-Seq data (Heyndrickx et al., 2014).
Finally, 108 and 623 positional weight matrices were obtained from protein-binding microarray studies
performed by (Franco-Zorrilla et al., 2014) and (Weirauch et al., 2014), respectively. Positional count
matrices were mapped genome-wide using MatrixScan using a p-value cutoff <1e-05 (Thomas-Chollier
et al., 2011). The alignment based approach was performed as described in Van de Velde et al. (2014),
except that only the Sigma alignment tool (Siddharthan, 2006) was run, with the -x parameter set to
0.5. Pairwise alignments were generated between all query genes and their orthologous genes for all
three sequence types. All performed experiments were filtered to retain only regions with a p-value that
corresponds to a FDR ≤ 10%.
Overlap of CNSs with Benchmarks
TF ChIP-Seq binding location datasets were obtained from the supplementary tables of the respective
papers (Shamimuzzaman and Vodkin, 2013; Ricardi et al., 2014; Liu et al., 2015b,a) for all TFs. The
benchmark dataset was formatted as a BED file and the overlap was determined using the BEDTools
function intersectBed with the -u parameter and the -f parameter set to 1 (Quinlan and Hall, 2010). This
means that a TF bound region was considered correctly identified if a CNS was completely overlapping
with it. False positives were determined by shuffling the TF bound dataset 1000 times using shuffleBed.
The overlap with CNSs was determined for each shuffled file and the median number of recovered
elements over 1000 shuffled files was used as a measure for the expected number of overlapping regions.
This estimation was used to calculate the fold enrichment, defined as the ratio between observed overlap
and expected overlap by chance. RepeatMasker (Smit et al., 2013) was run with default parameters on all
three genomes for which TF ChIP-seq data was available and all identified repeat regions were excluded
from the sequence space to shuffle the TF bound regions.
Deep Conservation and GO Enrichment
All TFs were categorized according to the TF families described in PlantTFDB 3.0 (Jin et al., 2014).
The phylogenetic quantification of TF target genes in their respective TF families was performed based
on these TF family annotations. GO annotations for Arabidopsis were obtained from the PLAZA 3.0
database (Proost et al., 2015). Per TF and per phylogenetic group, the enrichment of conserved target
genes toward GO annotations (hypergeometric distribution + Bonferroni correction) was determined.
The enriched GO terms were made non-redundant by removing enriched parental GO terms, considering
the structure of the GO graph. For the gene-GO network, enriched GO terms needed to be supported
by at least five target genes. Network visualizations were generated using Cytoscape 3 (Shannon et al.,
2003).
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Protein-Coding Potential of CNSs
The coding potential of a CNS was determined using BLASTX (Altschul et al., 1990) against the PLAZA
3.0 protein database and all significant hits were removed. To establish an appropriate e-value cutoff for a
significant hit, we randomly permuted each sequence in our CNS dataset set and performed the BLASTX
search using this set of sequences to obtain the distribution of e-values for random sequences with the
same length distribution (Baxter et al., 2012). We then performed the same BLASTX search on the
real sequences, using the minimum e-value from the random set (e-value < 0.001) as the cutoff for a
significant hit.
RNA-seq compendium
The RNA-Seq expression compendium was built with public datasets from NCBI’s Sequence Read
Archive (SRA) (Kodama et al., 2012). The compendium contains gene-level expression values for 40
manually selected samples (Supplemental Table S5a) of different treatment and tissue combinations.
SRA files for each sequencing run were downloaded from the SRA and converted to the FASTQ for-
mat using fastq-dump (v2.4.4) from the SRA toolkit. FASTQ files from runs of the same sample were
concatenated. Paired-end reads were unpaired by randomly selecting either the forward or reverse read
and processing it as single-end. FastQC (v0.9.1) was used to detect overrepresented adapter sequences,
which were subsequently clipped with fastx_clipper from the FASTX toolkit (v0.0.13). Nucleotides with
Phred quality scores lower than 20 were trimmed with fastq_quality_trimmer from the FASTX toolkit.
Reads shorter than 20 nucleotides after quality trimming were discarded. To obtain raw read counts for
each transcript in the TAIR10 annotation (Lamesch et al., 2012), Sailfish (v0.6.3) (Patro et al., 2014) was
run with a k-mer length of 20. For genes with multiple transcripts, the raw read counts of its transcripts
were summed to get a gene-level read count. Counts were then normalized for the entire compendium
with the Variance Stabilizing Transformation (VST) from the DESeq R package (v1.14.0) (Anders and
Huber, 2010). VST was chosen since it results in correlation coefficients between genes that are most
comparable to those obtained with microarray data (Giorgi et al., 2013).
Detecting transcriptionally coherent mini-regulons
A background model of random mini-regulons was created by first sampling a divergent gene pair from
the set of 6183 divergent gene pairs for which gene expression data was available in our RNA-seq com-
pendium and randomly assigning a TF to this gene pair (this procedure was repeated 10,000 times).
PCCs were determined using the RNA-seq expression compendium between the divergent gene pair
and between the assigned TF for each of the random mini-regulon. The harmonic mean was calculated
for the three PCCs of each randomly generated mini-regulon. The top five percent highest scores from
the resulting distribution were used as cutoff value (0.47) to identify mini-regulons showing strong TF
co-expression.
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CHAPTER5
BLSSpeller: exhaustive comparative discovery of
conserved cis-regulatory elementsa
Abstract
The accurate discovery and annotation of regulatory elements remains a challenging problem. The grow-
ing number of sequenced genomes creates new opportunities for comparative approaches to motif dis-
covery. Putative binding sites are then considered to be functional if they are conserved in orthologous
promoter sequences of multiple related species. Existing methods for comparative motif discovery usu-
ally rely on pregenerated multiple sequence alignments, which are difficult to obtain for more diverged
species such as plants. As a consequence, misaligned regulatory elements often remain undetected. We
present a novel algorithm that supports both alignment-free and alignment-based motif discovery in the
promoter sequences of related species. Putative motifs are exhaustively enumerated as words over the
IUPAC alphabet and screened for conservation using the branch length score. Additionally, a confidence
score is established in a genome-wide fashion. In order to take advantage of a cloud computing infras-
tructure, the MapReduce programming model is adopted. The method is applied to four monocotyledon
plant species and it is shown that high-scoring motifs are significantly enriched for open chromatin
regions in Oryza sativa and for transcription factor binding sites inferred through protein-binding mi-
croarrays in Oryza sativa and Zea mays. Furthermore, the method is shown to recover experimentally
profiled ga2ox1-like KN1 binding sites in Zea mays. BLSSpeller was written in Java. Source code and
manual are available at urlhttp://bioinformatics.intec.ugent.be/blsspeller
aThis chapter is based on De Witte et al. (2015). J.F., K.V., P.A., P.D. and B.D. designed the research methodology, D.D.W., D.D., P.A. and J.F implemented
the algorithms and generated BLSspeller output datasets, J.V.D.V and M.V.B generated additional datasets for input (M.V.B.) and evaluation (J.V.D.V), D.D.W,
J.V.D.V, and J.F performed functional evaluation of the algorithm, D.D.W., J.V.D.V., K.V. and J.F. wrote the manuscript. A complete reference can be found in
Chapter 8.
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5.1 Introduction
One of the major challenges in systems biology is gaining a full understanding of gene transcriptional
regulation. Transcription factors, for which the binding sites are usually hidden in the promoter sequence
of the gene, are in this respect of particular importance. Computational approaches for de novo motif
discovery can be classified in (a) methods to identify binding sites in promoter sequences of co-regulated
or co-bound (from e.g. ChIP assays) genes within a single genome and (b) comparative approaches using
homologous sequences from multiple related species (Das and Dai, 2007).
The first category uses clusters of co-expressed genes, which are assumed to be regulated by the
same set of transcription factors. A drawback of these methods is that the relationship between co-
expression and co-regulation relies on complex regulatory mechanisms, making it difficult to assemble
reliable datasets since co-expression does not necessarily imply that there is a common binding site in-
volved. Two different algorithmic approaches coexist: the statistical (Bailey et al., 2009; Hughes et al.,
2000; Thijs et al., 2002; Liu et al., 2001; Wei and Yu, 2007) and the exhaustive, word-based algorithms.
The latter contain graph-based approaches (Eskin and Pevzner, 2002; VijayaSatya and Mukheqee, 2004;
Liang et al., 2004) and methods based on index structures (Marsan and Sagot, 2000; Pavesi et al., 2001;
Marschall and Rahmann, 2009). Due to the growing availability of genome sequences, a second category
of algorithms based on phylogenetic footprinting emerged (Blanchette and Tompa, 2002): orthologous
regulatory regions from multiple species are compared with the underlying assumption that functional
elements evolve at a much slower pace, compared to the non-functional part of the genome, due to selec-
tive pressure (Berezikov et al., 2004). Most comparative motif discovery approaches rely in some way
on multiple sequence alignments, in which regulatory signals are expected to be well-aligned. Pioneer-
ing algorithms in this category are Conreal (Berezikov et al., 2004), Phylonet (Wang and Stormo, 2005)
and Phyloscan (Carmack et al., 2007). More recent algorithms relying on alignments are used to study
mosquitoes (Sieglaff et al., 2009), Fusarium (Kumar et al., 2010), vertebrates (Ettwiller et al., 2005) and
mammals (Xie et al., 2005). It has, however, been shown that known regulatory elements are not always
correctly aligned (Siggia, 2005), an issue that is further complicated by the different alignments produced
by various alignment programs (Pollard et al., 2004). Transcription factor (TF) binding sites are short,
flexible against certain mutations and even mobile which explains why they are sometimes misaligned.
Mechanisms have been observed that allow the modification of regulatory sequences without altering
their function: divergence driving words and binding site turnover. Regulatory sequences can diverge
freely if the divergence driving words, which are specific short words in the non-coding DNA, are not
altered (Bradley et al., 2010). Since a TF can often bind to multiple similar sites, mutations turning one
site into another should not affect regulation. Binding site turnover, on the other hand, is the mechanism
where the gain of a redundant binding site allows the loss of a previously functional site (Venkataram and
Fay, 2010). The corresponding TF can then bind to the new site, maintaining the regulatory interaction.
This allows binding sites to relocate within the regulatory sequence, making it difficult for alignment
algorithms to correctly align them.
Binding site discovery, especially in plants, has to deal with large divergence times and complex di-
versification mechanisms such as genome duplications. This makes approaches based on whole genome
alignments, often used in de novo algorithms, impractical. Some of these problems have been addressed
in earlier studies. Stark et al. (2007) used a mixed approach in a study with 12 Drosophila species,
starting from whole genome alignments but allowing for limited motif movement within an alignment.
Elemento and Tavazoie (2005) designed an alignment-free algorithm to discover overrepresented k-mers
over the exact ACGT alphabet in pairs of related genomes. Finally, MDOS (Wu et al., 2008) is a new
version of this algorithm with improved statistics.
In this paper, four monocotyledonous plant species are studied using a phylogenetic footprinting ap-
proach: Oryza sativa ssp. indica (osa), Brachypodium distachyon (bdi), Sorghum bicolor (sbi) and Zea
mays (zma). We adopt a gene-centric approach, where the promoter sequences of orthologous genes are
grouped into gene families. A word-based discovery algorithm was designed to exhaustively report all
genome-wide conserved motifs. The term conserved relates to the occurrence of the motif in multiple
promoter sequences of a particular gene family. Genome-wide conservation relates to the fact that this
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conservation occurs in more gene families than what is expected by chance. Motifs are modeled as words
(k-mers) over an alphabet that contains the 4 bases (ACGT) and (optionally) additional degenerate characters
from the IUPAC alphabet (Cornish-Bowden, 1985). This degeneracy allows a motif to model a collection
of binding sites. The algorithm can be run in both alignment-free or alignment-based mode. In case of
alignment-free discovery, the conservation of a motif is scored irrespective of its orientation or position
within a promoter sequence. This relaxed definition of conservation was previously used by Gordan
et al. (2010) and is especially relevant when studying more diverged species for which accurate multiple
sequence alignments are difficult to generate. Alignment-based discovery adds the constraint that motifs
must be aligned, i.e., occur at the same position in the multiple sequence alignment.
Robust algorithms for comparative genomics are expected to gain in power when more related species
are added. Most studies so far only consider motifs that are conserved within all organisms. The branch
length score (BLS) was developed to quantify motif conservation in a biologically meaningful manner
and ranges from 0% (not conserved) to 100% (conserved in all sequences). The BLS takes the phyloge-
netic relationships between the species into account by representing a relative evolutionary distance over
which a candidate binding site is conserved within a gene family. The BLS was first used in a compar-
ative study with 12 Drosophila genomes (Stark et al., 2007) and allows studying motifs only conserved
in subsets of the organisms. Whereas most current algorithms avoid exploring the full motif space by
using greedy algorithms, our method is unique in the sense that it is exhaustive. MDOS (Wu et al.,
2008) only processes promising k-mers and gradually adds degeneracy if this improves the conservation
score. Kellis et al. (2003) and Stark et al. (2007) use the mini-motifs approach (Helden et al., 2000)
only processing promising trinucleotide duos before adding degeneracy. Here, every word that occurs in
one of the input sequences, including their degenerate variants, is considered as a candidate motif. The
only imposed restrictions are a prespecified minimum and maximum length and a maximum number
of degenerate IUPAC characters. The advantage of such exhaustive approach is that the method yields
globally optimal results. In order to strongly reduce the runtime and avoid excessive memory require-
ments, the MapReduce programming model (Dean and Ghemawat, 2008) was adopted as a means to
take advantage of a parallel, distributed-memory cloud computing environment. By enabling disk I/O
to store intermediate results, the current MapReduce implementation overcomes the memory bottleneck
in a prototype implementation of this software that relied on the Message Passing Interface (MPI) for
parallelization (De Witte et al., 2014).
5.2 Results and Discussion
BLSSpeller algorithm
The workflow of BLSSpeller is illustrated in Fig. 5.1. The input consists of gene families containing
homologous promoter sequences from related species. The algorithm consists of an intrafamily and an
interfamily step with a sorting step in between.
Intrafamily step:
In the intrafamily step, for each gene family individually, all words with a length between kmin = 6
and kmax = 12 characters that occur in the promoter sequences of that gene family are exhaustively
enumerated. Words are spelled in the restricted IUPAC alphabet that consists of 11 characters: 4 base
pairs (ACGT), 6 twofold-degenerate characters (RYSWKM) and the ‘any’ character (N). A maximum of emax =
3 degenerate characters are allowed per candidate motif. The degree of conservation of a word within
the gene family is scored using the branch length score (BLS). The intrafamily step can operate in either
alignment-free (AF) or alignment-based (AB) mode. In case of AF discovery, the BLS of a word is
scored irrespective of its orientation or relative position within the promoter sequences. AB discovery
adds the constraint that the words must be aligned in the multiple sequence alignment of the promoter
sequences. Words for which the BLS exceeds threshold T are considered to be conserved within the
gene family and retained for further processing. Six BLS thresholds Ti (i.e., 15%, 50%, 60%, 70%, 90%
and 95%) were used in this study. At the end of this phase an exhaustive list of conserved words has
been generated for each gene family individually.
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Figure 5.1: Overview of BLSSpeller. The input consists of homologous promoter sequences grouped into gene families.
During the intrafamily phase, conserved words are exhaustively enumerated for each gene family individually. A word is
considered to be conserved in a gene family if its branch length score (BLS) exceeds threshold T . Multiple BLS thresholds Ti
can be used in a single run. In the alignment-free mode, the BLS of a word is computed irrespective of its orientation or relative
position within the promoter sequences. Alternatively, in the alignment-based mode, words must appear aligned in the multiple
sequence alignment. During the sorting phase, conserved words of all gene families are sorted according to permutation
group, i.e., words with the same length and base content are grouped together. In the interfamily phase, permutation groups
are handled individually. First, for each word, the conserved family count F(Ti), i.e., the number of gene families in which the
word is conserved with BLS ≥ Ti, is established for all BLS thresholds Ti. Next, a background model Fbg(Ti) is created by
selecting the median value of the conserved family count of a large number of randomly generated instances of the permutation
group, again for each threshold Ti. Finally, a confidence score C(Ti) is computed for each Ti. Words for which F(Ti) ≥ Fthres
and C(Ti)≥Cthres for any threshold Ti are considered to be genome-wide conserved motifs and are retained.
Interfamily step:
Using the data from the intrafamily step, for each word, the conserved family count F(Ti), i.e., the number
of gene families in which the word is conserved with a BLS ≥ Ti, is counted for each BLS threshold Ti.
Next, a confidence score C(Ti), adopted from Stark et al. (2007), is established for each candidate motif
(see Material and Methods). Two thresholds apply: motifs are only retained when F(Ti) ≥ Fthres and
C(Ti) ≥ Cthres for any of the BLS thresholds Ti. Here, Fthres represents a threshold on the conserved
family count and is used to eliminate words that are conserved in only few gene families and hence
typically do not correspond to TF binding sites. Additionally, Cthres ensures that the candidate motif
is conserved in a much higher number of gene families than what is expected for such a word (i.e., a
word with the same length, base composition and degeneracy) and can hence be considered a potentially
functional element. Motifs that satisfy both thresholds are considered to be genome-wide conserved
motifs.
Note that the branch length score thresholds Ti on the one hand and conserved family count threshold
Fthres and confidence score threshold Cthres on the other hand are independent. The former provides infor-
mation about the degree of conservation within a single gene family whereas the latter are indicative of
the degree of genome-wide conservation. Certain motifs only show up as being genome-wide conserved
for high BLS thresholds. This is typically the case for short and/or highly degenerate motifs, where
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also permutations of that motif are conserved with a moderate BLS in a rather large number of families,
resulting in a low confidence score C. Conversely, a lower BLS threshold allows for the detection of
longer motifs with genome-wide conservation in only a subset of the species. Using only a single BLS
threshold would therefore limit the sensitivity of the method.
Exhaustive motif discovery in four monocot species
BLSSpeller was applied to four monocot species: Oryza sativa ssp. indica (osa), Brachypodium dis-
tachyon (bdi), Sorghum bicolor (sbi) and Zea mays (zma). Based on conserved gene content and genome
organization, these grass species are considered to be a single genetic system (Bennetzin and Freeling,
1993), making a comparative motif discovery approach feasible. The dataset consists of 17 724 gene fam-
ilies each containing four orthologous genes (one from each organism). Additionally, 10 636 paralogs
are taken into account. Hence, a total of 163 064 regulatory sequences (forward and reverse strands) with
a length of 2 kbp each, were analyzed. BLSSpeller was run on this dataset using both the alignment-free
(AF) and the alignment-based (AB) discovery mode on the Amazon Web Services (Elastic MapReduce)
cloud infrastructure using 20 nodes of the type m1.xlarge. On every node, 7 map tasks and 2 reduce tasks
were run in parallel. The computational requirements are listed in Suppl. Resultsb. Based on the Amazon
pricing of 2014, the financial cost for performing these simulations amounted to 1080$ and 278$ for the
AF and AB cases, respectively.
After the intrafamily step and using the AF discovery mode, an aggregated number of 537 billion
words were found with a BLS ≥ 15% (i.e., conservation in at least two species) over all 17 724 gene
families. Note that these words are not necessarily unique as the same word can be conserved in multiple
gene families. Using the AB discovery mode, only 82 billion words were found with a BLS≥ 15%. This
is because the AB discovery mode imposes the additional constraint that words should appear aligned
in the multiple sequence alignment. After the interfamily step and using Fthres = 1 and Cthres = 0.5, the
number of genome-wide conserved motifs amounted to 6.62 and 6.26 billion unique motifs, for the AF
and AB discovery mode respectively.
The reason why the number of motifs is high is twofold. First, very relaxed thresholds Fthres and Cthres
were used. It is computationally cheap to further filter this list using more stringent (and biologically
meaningful) thresholds (see below). A second reason is the exhaustive, word-based nature of BLSSpeller.
If a word is found to be genome-wide conserved, a large number of redundant, highly similar (e.g.
slightly more degenerate) variants of that word may also appear in the final output of the method.
Estimation of the False Discovery Rate (FDR)
The output of BLSSpeller consists of a list of motifs, along with the conserved family count F(Ti)
and conservation score C(Ti) for the six different BLS thresholds Ti. This list was filtered using more
stringent thresholds for Fthres (i.e., 1, 10 and 20) and Cthres (i.e., 0.5, 0.7 and 0.9). Additionally, the list
can be filtered by considering only a (stricter) subset of the BLS thresholds Ti (i.e., all six thresholds
T1, . . . ,T6, three thresholds T4, . . . ,T6 corresponding to conservation in at least three species, a single
threshold T6 corresponding to conservation in all four species). The number of genome-wide conserved
motifs for all 27 parameter combinations is shown in Fig. 5.2 for both AF and AB discovery. Clearly,
each of the parameters has a strong influence on the final number of motifs in both the AF and AB
discovery.
In order to assess the specificity of the method for the different parameter combinations, we estimate
the false discovery rate (FDR) in an empirical fashion by running BLSSpeller on a random dataset
generated using a zeroth-order Markov model (preservation of mononucleotide frequencies) as provided
by RSAT (Thomas-Chollier et al., 2011). A more detailed version of Fig. 5.2 is available as Fig. C.1.
Additional discussion of the limitations of the FDR analysis, higher-order Markov models and FDR
analysis as a function of motif length and degeneracy is provided in Suppl. Resultsb.
bhttp://bioinformatics.oxfordjournals.org/content/suppl/2015/08/07/btv466.DC1/supplementary_publication.pdf
bhttp://bioinformatics.oxfordjournals.org/content/suppl/2015/08/07/btv466.DC1/supplementary_publication.pdf
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Figure 5.2: Number of genome-wide conserved motifs for both alignment-based and alignment-free discovery for different
values of Cthres and Fthres and different subsets of the six BLS thresholds Ti (T1 = 15%,T2 = 50%,T3 = 60%,T4 = 70%,T5 =
90% and T6 = 95%). Top number: real Monocot dataset; bottom number between brackets: random dataset (zeroth-order
Markov model). The colors represent the false discovery rate (see legend).
A number of observations can be made. First, for comparable parameter settings, AB discovery has a
lower FDR compared to AF discovery. The multiple sequence alignment method increases the specificity
for AB discovery as relatively few words will be aligned in random data purely by chance. Second, low
values of Fthres result in a poor FDR. The reason for this is that in such case, the output consists of a large
number of words that are conserved in only a single gene family. If these words are long and/or have low
degeneracy, most random permutations of that word will not be conserved in any gene family, resulting
in a confidence score C(Ti) = 1. We therefore recommend to impose a certain threshold Fthres on the
conserved family count. As functional transcription factors typically target multiple genes, this appears
to be a biologically reasonable approach. Third, a reasonable threshold on the confidence score should
be applied. Applying this threshold filters words for which their random permutations are conserved in
a comparable number of gene families. This comprises low-complexity motifs and/or highly degenerate
motifs. Finally, a more stringent definition of conservation results in an improved FDR. This can be
obtained by imposing higher BLS thresholds Ti.
Even though there is a clear correlation between each of the parameters and the FDR, the exact FDR
is hard to predict up front and likely also depends on the dataset that is used. We therefore recommend
to run BLSSpeller with relaxed parameter settings on both real and random data, and to filter this output
using more stringent parameters until a reasonable FDR is obtained.
For reasonably stringent parameter settings where the FDR < 1%, the AF discovery mode reports 3.1
to 6.8 times more motifs compared to the AB discovery. At first glance, this may seem to be a trivial
consequence of the relaxed definition of conservation in the AF methodology. Indeed, a word that is
found to be conserved in a gene family with BLS ≥ T using the AB discovery will also be conserved
in the AF method. Therefore, FAF(T ) ≥ FAB(T ) for each word. However, in order to establish the
confidence score C(T ), the conserved family count F(T ) is compared to the corresponding median value
Fbg(T ) of the background distribution (see Material and Methods). As FAFbg (T ) is also computed using
the relaxed, alignment-free definition of conservation, it holds that FAFbg (T )≥ FABbg (T ). Therefore, there
is no reason to assume a priori that the AF mode will pick up more motifs than its AB counterpart, as can
indeed be observed in Fig. 5.2 for a few parameter combinations, e.g., Fthres = 1, Cthres = 0.7 and BLS
thresholds T1 . . .T6. The reason that we do find more genome-wide conserved motifs for most parameter
combinations (including those with good FDR) is because we found a significant number of known
motif instances to be misaligned in this relatively highly diverged Monocot dataset. This is exemplified
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in section 5.2.
Motif instance predictions correlate with experimental cis-regulatory datasets
The genome-wide conserved motifs discovered by BLSSpeller are highly redundant. High-scoring, mo-
tifs (AF discovery; BLS ≥ 15%, C ≥ 0.9, F ≥ 20; 38 462 976 motifs in total) were mapped back to
the promoter sequences and were found to cluster around specific genomic regions (see Fig. C.2 and
Fig. C.3). Certain loci are covered by thousands of highly similar motif variants. Nevertheless, the high-
scoring motifs delineate distinct conserved genomic intervals on the promoter sequences. For these
conserved regions, we investigated the accessibility for transcription factor binding in the promoter
sequences of rice genes. DNase I hypersensitive sites are associated with regions of open chromatin
where the DNA is accessible and as such provide a global perspective on possible protein-binding to
the genome. Such regions were recently characterized by Zhang et al. (2012a). We performed overlap
analysis between conserved genomic regions (as determined by BLSSpeller) and open chromatin regions
(see Suppl. Methodsb). We found a significant enrichment (3.005 fold) of conserved regions for open
chromatin regions (p-value < 0.001) (see Table 1). For a stricter subset of motifs (AF discovery; BLS
≥ 95%, C ≥ 0.9, F ≥ 20; 1 769 963 motifs in total), the fold enrichment increased to 3.796.
Table 5.1: Overlap between conserved genomic regions as identified by BLSSpeller and experimentally profiled open chro-
matin regions in rice and transcription factor binding sites inferred through protein-binding microarrays in rice and maize.
Regions are required to fully overlap in order to be scored.
Overlap with experimentally profiled open chromatin regions (OCR) in Oryza sativa
BLSSpeller # conserved # OCR regions # conserved regions # rand. conserved regions enrichmentthresholds regions within OCR regions within OCR regions fold
BLS ≥ 15%, C ≥ 0.9, F ≥20 754 205 77 247 121 026 40 277 3.005
BLS ≥ 95%, C ≥ 0.9, F ≥20 464 229 77 247 98 681 25 996 3.796
Overlap with experimentally profiled TF binding sites (TBS) in Oryza sativa
BLSSpeller # conserved # TBS regions # TBS regions within # TBS regions within enrichmentthresholds regions conserved regions rand. conserved regions fold
BLS ≥ 15%, C ≥ 0.9, F ≥20 754 205 442 506 159 542 42 522 3.752
BLS ≥ 95%, C ≥ 0.9, F ≥20 464 229 442 506 37 093 5 689 6.520
Overlap with experimentally profiled TF binding sites (TBS) in Zea mays
BLSSpeller # conserved # TBS regions # TBS regions within # TBS regions within enrichmentthresholds regions conserved regions rand. conserved regions fold
BLS ≥ 15%, C ≥ 0.9, F ≥20 828 400 482 317 156 929 66 564 2.358
BLS ≥ 95%, C ≥ 0.9, F ≥20 454 221 482 317 35 710 10 755 3.320
Additionally, we investigated the enrichment of TF binding sites determined in vitro (Weirauch et al.,
2014) towards conserved genomic regions in rice and maize. Transcription factor DNA binding specifici-
ties are the primary mechanism by which transcription factors recognize genomic features and regulate
genes. Recently, a dataset containing a large number of these binding specificities was generated using
protein-binding microarrays (PBM) (Weirauch et al., 2014). From this database, PWMs were down-
loaded for 481 TFs in rice and for 615 TFs in maize. These were mapped onto the respective rice and
maize promoters and overlap analysis was performed (see Suppl. Methodsb). In rice, of the 754 205 con-
strained genomic regions (BLS ≥ 15%), 159 542 contain a PBM-based TF binding site, leading to 3.752
fold enrichment (p-value < 0.001). Again, for the stricter subset of conserved motifs (BLS≥ 95%), fold
enrichment increased to 6.520. Maize showed a fold enrichment of 2.358 and 3.320 (p-value < 0.001)
respectively. Overall, these analyses revealed that a large part of the conserved non-coding sequences
can be accessed by DNA binding proteins and as such can act as functional transcription factor binding
sites, and that these conserved non-coding sequences show enrichment for the binding sites of a large
number of TFs inferred using PBMs.
Conservation of the ga2ox1-like KN1 binding site
KNOTTED1 (KN1) transcription factors are involved in the establishment and maintenance of plant
meristems and are thought to be conserved among the family of grasses (Bolduc and Hake, 2009). Bolduc
et al. (2012) profiled KN1 binding sites in Zea mays using ChIP-seq experiments. The overlapping loci
bhttp://bioinformatics.oxfordjournals.org/content/suppl/2015/08/07/btv466.DC1/supplementary_publication.pdf
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in two samples of immature ears were retained and assigned to the nearest gene within a range of 10 kbp.
The ChIP-Seq peaks were found to be mainly situated in the 5’ en 3’ regions extending from the gene
but also occur in introns and exons. Thus, a set of 5118 candidate KN1-regulated maize genes were
identified. For approximately 7% of these genes, a binding site reminiscent of the intronic KN1 binding
site in ga2ox1, was identified. For these so-called ga2ox1-like KN1 binding sites, a Position Weight
Matrix (PWM) was derived by Bolduc et al. (2012). Translated to the IUPAC alphabet, this PWM
corresponds to TGAYNGAYDGAY.
We investigate whether BLSSpeller is able to discover the ga2ox1-like KN1 motifs and binding sites
through a comparative study of the four monocot species. From the BLSSpeller output, all genome-
wide conserved motifs of length 12 that match the ga2ox1-like KN1 PWM identified by Bolduc et al.
(2012) were retained. Using alignment-free discovery, and using Fthres = 20 and Cthres = 0.7 (FDR
≤ 1%, see Fig. 5.2), 51 genome-wide conserved motif variants are identified. In total, these motifs are
conserved in 165 gene families with a BLS≥ 15% (i.e., conservation in at least two species). From the 51
identified motif variants, only 19 are required to explain the conservation in all 165 gene families. These
essential motifs are listed in Table 5.2 along with their respective metrics. In turn, these gene families
contain 213 maize genes in total, 51 of which were also identified in Bolduc et al. (2012). These results
were compared to those obtained by Fastcompare (Elemento and Tavazoie, 2005) (see Suppl. Resultsb),
a method that also performs motif discovery in an alignment-free and exhaustive manner. However,
Fastcompare is limited to the exact ACGT alphabet and pairwise species comparisons. Because of these
limitations, Fastcompare could identify only 36 maize gene targets, 10 of which were also identified
by Bolduc et al. (2012).
Table 5.2: List of genome-wide conserved ga2ox1-like KN1 motif variants identified by BLSSpeller using both AF and AB
discovery. F(15%) denotes the number of gene families in which the motif is conserved with BLS ≥ 15% while C(15%)
denotes the corresponding confidence score. MBLS denotes the number of maize genes contained in the gene families while
Minters denotes the intersectionMBLS∩MChIP with experimentally profiled maize genes.
Alignment-free discovery Alignment-based discovery
KN1 motif variant F(15%) C(15%) MBLS Minters KN1 motif variant F(15%) C(15%) MBLS Minters
TGATNGATKGAY 59 0.93 75 24 TGATNGAYGGAY 11 0.91 10 3
TGATNGAYKGAT 59 0.93 74 20 TGATNGATKGAY 11 0.82 11 3
TGAYNGATKGAT 54 0.93 68 21 TGAYNGACKGAC 10 0.90 11 3
TGATNGAYWGAT 40 0.88 50 11 TGAYGGAYGGAY 9 1.00 9 3
TGAYNGAYTGAT 36 0.89 48 11 TGATNGAYRGAT 9 0.89 10 3
TGAYTGAYTGAY 33 0.97 42 9 TGAYNGAYTGAC 8 0.88 9 2
TGATNGAYTGAY 32 0.88 40 7 TGACNGAYTGAY 8 0.88 10 3
TGAYNGATWGAT 31 0.84 42 12 TGACNGACWGAY 7 0.86 7 2
TGATNGATWGAY 30 0.83 36 9 TGACAGAYRGAY 3 1.00 4 0
TGATNGATRGAY 29 0.86 39 9
TGAYNGATRGAT 27 0.85 37 9
TGATNGAYRGAT 26 0.85 35 8
TGAYNGATTGAY 25 0.84 34 7
TGAYNGATGGAY 24 0.88 35 9
TGATNGAYGGAY 24 0.88 31 8
TGAYTGAYWGAT 22 0.91 27 6
TGAYNGACTGAY 22 0.91 28 9
TGAYNGAYTGAC 21 0.90 27 8
TGAYNGACKGAC 20 0.90 25 10
Union (all variants) 165 – 213 51 Union (all variants) 37 – 41 10
Similarly, using BLSSpeller’s alignment-based discovery mode, conservation with a BLS ≥ 15% is
observed in only 37 gene families, even with very relaxed thresholds (Fthres = 1 and Cthres = 0.7) (FDR
≤ 10%). The 9 essential motif variants required to explain this conservation are listed in Table 5.2.
The 37 gene families contain 41 maize genes, 10 of which are also reported in Bolduc et al. (2012).
Inspection of the promoter sequence alignments of the gene families reveals that the ga2ox1-like KN1
variants are often not aligned, either because the motif instances in the different species are located at
entirely different positions in the promoter sequences or because they appear on different strands (see
Suppl. Resultsb). Therefore, alignment-based motif discovery approaches such as BLSSpeller in AB
mode or the ‘mini motifs’ approach as used by Stark et al. (2007) suffer from reduced sensitivity on
diverged datasets.
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5.3 Conclusion
A novel phylogenetic footprinting approach was developed for the sensitive discovery of conserved cis-
regulatory elements even in diverged sequences. Using IUPAC strings as motif model and using the
MapReduce programming model to enable distributed computing, it was shown that it is feasible to
compute all genome-wide conserved words in a large dataset in an exhaustive manner. For a given false
discovery rate, it was demonstrated that an alignment-free approach detects more conserved words than
an alignment-based approach. Even though millions of genome-wide conserved motifs were identified
by our method, mapping of these motifs to the promoter sequences results in constrained conserved ge-
nomic regions. It was shown that these conserved regions were significantly enriched for experimentally
profiled open chromatin regions in rice and for TF binding sites inferred through protein-binding mi-
croarrays in rice and maize. Finally, it was shown that the alignment-free approach shows an improved
recovery of the ga2ox1-like KN1 binding site, compared to the alignment-based approach or competing
methods.
5.4 Methods
Generation of gene families
The orthology relationships between the genes of the four different monocot plant species were inferred
using the ‘integrative orthology viewer’ in the PLAZA 2.5 platform (Proost et al., 2009; Van Bel et al.,
2012). Homologous (i.e. orthologous and paralogous) genes were grouped in gene families and their
promoter sequences 2 kbp upstream from the translation start site were extracted. In its most simple
form, a family consists of four orthologous genes: one from each organism. In that case, the phylogenetic
tree by Reineke et al. (2011) is used. For gene families that comprise one or more paralogs, gene
family-specific phylogenetic trees can be constructed that take into account the specific order in which
the duplications and speciation events occurred. For simplicity, we assume that all paralogous gene
duplications occurred recently. This is modeled by adding a bifurcation with a branch length of zero to
the phylogenetic tree which means that only conservation between different species contributes to the
branch length score. Note that besides promoter regions, additional homologous sequences of interest
(e.g., intronic regions) could be added to the input dataset.
Intrafamily step: conservation within a gene family
For all gene families individually, all words with a length between kmin and kmax characters that occur
in any of the sequences are exhaustively enumerated and their degree of conservation within that family
is quantified. Words are spelled in the IUPAC alphabet or a subset thereof. Up to emax degenerate
(i.e., non-ACGT) characters are allowed per word. The intrafamily phase can operate in alignment-free or
alignment-based mode.
In the alignment-free approach, a generalized suffix tree (GST) is constructed (Giegerich et al., 1999)
from the promoter sequences and their reverse complements in the gene family. Using Sagot’s Speller
algorithm (Marsan and Sagot, 2000), the GST is used to efficiently and exhaustively report all words in
the IUPAC alphabet along with the sequences in which they occur. Additional algorithmic details and
runtime information are described in Suppl. Methodsb.
The alignment-based mode requires a pregenerated multiple sequence alignment (MSA) of the orthol-
ogous promoters in a gene family. Dialign-TX (Subramanian et al., 2008) was chosen to create these
MSAs in view of good results on a non-coding alignment benchmark (Pollard et al., 2004). For every
position in the alignment, a small GST is generated containing only the suffixes of the sequences that
start at that position. The same Speller algorithm is run to report all words and the sequences in which
they occur at aligned positions, again using the IUPAC alphabet.
For every word, the degree of conservation in each gene family is quantified using the branch length
score (BLS). Given the sequences in which the word occurs, the BLS can be calculated by finding the
bhttp://bioinformatics.oxfordjournals.org/content/suppl/2015/08/07/btv466.DC1/supplementary_publication.pdf
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minimum spanning tree that connects these sequences in the phylogenetic tree. The sum of the weights
of the horizontal branches in the minimum spanning tree then represents the BLS (Stark et al., 2007).
In alignment-based mode, the same motif can occur at multiple aligned positions within a single family;
in that case only the highest BLS value is used. Only words for which the BLS exceeds a prespecified
threshold T are retained. Such words are said to be conserved within the gene family.
Interfamily step: genome-wide conservation
The conserved words of all gene families are sorted according to base content and partitioned into per-
mutation groups whose elements are permutations of each other. All words in a permutation group hence
have the same length, base content and degeneracy. For example, the words AWTC, WTAC and CAWT belong
to the same permutation group.
The number of occurrences for each distinct word within a permutation group is counted. This number
corresponds to the number of gene families in which that word is conserved with a BLS ≥ T and is
referred to as the conserved family count F(T ). Genome-wide conserved motifs are selected based on the
fact that they have a conserved family count F(T ) that is (much) higher than the median conserved family
count of the member instances of their permutation group. This median value, denoted as Fbg(T ) (bg =
background) represents the expected conserved family count for a word in that permutation group. Fbg(T )
is approximated by randomly generating a large number (default=1000) of instances of the permutation
group, i.e., random words with the same length and base content and computing the median value for the
conserved family count. Note that some of those random instances can have a conserved family count
equal to zero.
A confidence score C, adopted from (Stark et al., 2007), is obtained for each word in the permutation
group by comparing F(T ) and Fbg(T ) as follows:
C(T ) = 1− Fbg(T )
F(T )
Words for which F(T ) ≥ Fthres and C(T ) ≥Cthres are considered genome-wide conserved motifs and
are retained by the method where Fthres and Cthres denote user-defined thresholds. The output of the
method consists of an exhaustive list of motifs which satisfy these thresholds, along with the F(T )
and C(T ) metrics. Similar to Stark et al. (2007), rather than using a single threshold T , multiple BLS
thresholds Ti can be used in a single run. The confidence score C(Ti) is then computed for all thresholds
Ti individually, i.e., C(Ti) = 1− Fbg(Ti)F(Ti) . Here, F(Ti) denotes the number of families in which the motif is
conserved with a BLS higher than the threshold Ti. Similarly, Fbg(Ti) is the corresponding value for the
background model. Words for which F(Ti) ≥ Fthres and C(Ti) ≥Cthres for any of the BLS thresholds Ti
are retained.
MapReduce implementation
The method was implemented using the MapReduce (Dean and Ghemawat, 2008) programming model.
The map phase corresponds to the intrafamily phase in which the gene families are processed in parallel
by the different mappers. The reduce phase corresponds to the interfamily phase in which the permu-
tations groups are processed in parallel by the different reducers. In between the map and reduce step,
the candidate motifs are sorted according to length and base content in order to create the permutation
groups.
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CHAPTER6
A DNA binding-site landscape and regulatory network
analysis for NAC transcription factors in Arabidopsis
thalianaa
6.1 Abstract
Target gene identification for transcription factors is a prerequisite for the systems wide understanding
of organismal behavior. NAM-ATAF1/2-CUC2 (NAC) transcription factors are among the largest tran-
scription factor families in plants, yet limited data exists from unbiased approaches to resolve the DNA-
binding preferences of individual members. Here, we present a TF-target gene identification workflow
based on the integration of novel protein binding microarray data with gene expression and multi-species
promoter sequence conservation to identify the DNA-binding specificities and the gene regulatory net-
works of 12 NAC transcription factors. Our data offer specific single base resolution fingerprints for
most TFs studied and indicates that NAC DNA binding specificities might be predicted from their DNA
binding domain’s sequence. The developed methodology, including the application of complementary
functional genomics filters, makes it possible to translate, for each TF, protein binding microarray data
into a set of high-quality target genes. With this approach, we confirm NAC target genes reported from
independent in vivo analyses. We emphasize that candidate target gene sets together with the workflow
associated with functional modules offer a strong resource to unravel the regulatory potential of NAC
genes and that this workflow could be used to study other families of transcription factors.
aThis chapter is based on Lindemose et al. (2014). F.D.M., K.S., K.V., M.K.J. designed the research methodology. S.L., C.S., C.T.W. and F.D.M (PBM
experiments) performed experiments. M.K.J. (synthetic promoter & co-expression analyses), J.V.d.V., K.V (target gene detection, data integration and functional
module enrichment) and K.S.H (provided functional modules dataset) performed data analyses. F.D.M., K.S., K.V., M.K.J., S.L., J.V.d.V wrote the manuscript. A
complete reference can be found in Chapter 8.
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6.2 Introduction
Plants use cellular strategies to survive exposure to biotic and abiotic stress. Drought, salt, high temper-
ature and microbial infections are among the most frequent abiotic and biotic stresses encountered by
plants (Keurentjes et al., 2011; Lindemose et al., 2013; Matsui et al., 2008; Zheng et al., 2012). Expres-
sion of genes that function in stress sensing and tolerance are regulated upon stress exposure by specific
TFs (Keurentjes et al., 2011; Lindemose et al., 2013). The NAC (NAM/ATAF/CUC) family of proteins is
a major group of plant-specific TFs involved in plant development, senescence, secondary cell wall for-
mation and stress responses (Nakashima et al., 2012; Puranik et al., 2012; Olsen et al., 2005). The well
studied model plant Arabidopsis thaliana, and economically important crops such as Nicotiana tabacum,
Hordeum vulgare and Oryza sativa, each hold the potential to express more than 100 different NAC pro-
teins (Lindemose et al., 2013; Nakashima et al., 2012; Puranik et al., 2012). When genes encoding NAC
TFs are over-expressed in plants robust phenotypes including salt and drought tolerance have been ob-
served (Lindemose et al., 2013; Hu et al., 2006; Jeong et al., 2010). Likewise, nac mutant plants have
been shown to display loss of secondary wall thickening, perturbed resistance towards microbial attack
as well as delayed senescence (Lindemose et al., 2013; Nakashima et al., 2012; Puranik et al., 2012; Mit-
suda et al., 2005), though functional redundancy often has hampered characterization of individual NAC
members. NAC proteins consist of a conserved N-terminal DNA binding domain (DBD), known as the
NAC domain, which is also responsible for the oligomerization into dimeric proteins (Olsen et al., 2005;
Ernst et al., 2004). The C-terminal region of NAC members is more diverse, intrinsically disordered, and
functions as a transcription regulatory domain (Kjaersgaard et al., 2011; Jensen et al., 2010a). Determi-
nation of the X-ray structure of the NAC domain from Arabidopsis thaliana ANAC019 revealed a novel
dimeric DBD predominantly composed of beta-sheets with no well-characterized DNA binding motifs
(Ernst et al., 2004). Characterization of the dimerization surface demonstrated that ANAC019 is only
able to bind DNA as homo- and hetero-dimers. In addition, the consensus DNA binding sequences of
two distantly related NAC TFs, ANAC019 and ANAC092, were identified by in vitro selection (SELEX)
and appeared to have minor differences in their DNA-binding specificities (Olsen et al., 2005). For both
proteins, the identified core consensus DNA binding sequence was TTNCGT[G/A]. Interestingly, in a
recent study it was found that 9 distantly related NAC TFs were able to bind this sequence, though with
different affinities (Jensen et al., 2010a). In line with these results, it has been shown that several other
NAC TFs bind the core CGT[G/A], but with considerable sequence differences in the flanking bases of
the binding site (Xu et al., 2013). Thus, the flanking bases next to the core CGT[G/A] of NAC binding
sites in promoters may determine the binding specificities and fine-tune affinity for different NAC TFs in
vivo. This effect was recently demonstrated to be highly relevant in the family of basic Helix-Loop-Helix
(bHLH) transcription factors (Grove et al., 2009; Masi et al., 2011; Gordan et al., 2013).
Apart from focused dimerization and DNA-binding studies on NAC TFs, global mapping of gene reg-
ulatory networks (GRNs) can be facilitated by high-throughput approaches that allow for the discovery
and high resolution characterization of genome-wide DNA binding specificities of DNA binding pro-
teins. Protein Binding Microarrays have been widely used as an unbiased and condition independent
method for the identification of high resolution DNA specificities for a larger number of TFs from sev-
eral organisms (Grove et al., 2009; Berger et al., 2008; Badis et al., 2009; Newburger and Bulyk, 2009).
PBMs can uncover binding specificities of TFs at the k-mer level, with single-base resolution. Also,
PBM data have been shown to strongly correlate with surface plasmon resonance studies of TF-DNA
interactions (Berger et al., 2006; Siggers et al., 2011), thus allowing the use of PBM data to analyse
biologically relevant data. Further integration of such data with genome annotations, gene expression
data and functional modules (Heyndrickx and Vandepoele, 2012), will result in the functional character-
ization of the mapped observed TF-DNA interactions and possibly the unraveling of TF and condition
specific GRNs (Kjaersgaard et al., 2011; Jensen et al., 2010a; Grove et al., 2009; Giorgetti et al., 2010;
Wong et al., 2011). In this study, we report the integration of PBM results with co-expression data and
functional module enrichment to outline the regulatory network for 12 NAC proteins. Furthermore, we
show that this integrative strategy, applicable to any TF target gene analysis, allows for the refinement
and increase in significance of TF target genes. We also use our PBM data to motivate mutations in an
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element identical to a region of a selected target gene promoter and propose that a simple 2-nucleotide
substitution may be exploited to control binding of native TFs to novel promoter elements. Finally,
co-expression analysis is used to validate the regulatory potential predicted from our unbiased PBM
analysis. This study is the first systems-wide analysis of the NAC family of transcription factors result-
ing in a global map of the NAC DNA-binding specificities in A. thaliana and we envision the data to be
useful for future engineering of improved stress responses in plants.
6.3 Results
DNA binding specificity analysis of individual NAC TFs
Systematic analysis of NAC DNA-binding specificity by Protein Binding Microarrays (Grove et al.,
2009; Berger et al., 2008; Berger and Bulyk, 2009) was performed on 12 NAC TFs representing func-
tionally important clades and spanning the phylogenetic diversity of the NAC family (Supp. Figure
D.1)(Jensen et al., 2010a). ANAC019 was selected because its NAC domain structure is known (Ernst
et al., 2004; Welner et al., 2012), and because it is implicated in networks of stress responses and
senescence (Jensen et al., 2010a; Hickman et al., 2013). ANAC055 and ATAF1 are closely related
to ANAC019 (Jensen et al., 2010a; Bu et al., 2008), and ATAF1 is a control for the PBM experi-
ments (Jensen et al., 2013). They all cluster together with senescence-associated NAP (Guo and Gan,
2006) based on hormone-dependent gene regulation (Jensen et al., 2010b). Therefore, analysis of these
NAC TFs could reveal simple relationships between amino acid sequence and DNA-binding specificity.
ANAC092/ORE1 represents a functionally important NAC sub-group (Jensen et al., 2010a; Balazadeh
et al., 2010). VND3, VND7, NST2 and SND1 represents a NAC sub-group that is central to secondary
cell wall formation (Zhong et al., 2007, 2010; Yamaguchi et al., 2011). NTL8 and NTL6 are transmem-
brane NAC TFs (Seo and Park, 2010), and NTL6 acts through known binding sites in Pathogenesis-
Related (PR) genes (Seo et al., 2010) allowing comparison of PBM and in vivo promoter binding data.
The distant NAC members, SOG1 (Yoshiyama et al., 2009), ANAC003 (Jensen et al., 2010a) and VOZ2,
were also included. VOZ2 has a zinc finger region N-terminally of the NAC domain (Mitsuda et al.,
2004). In the other NAC TFs, the N-terminal NAC domain is followed by various intrinsically disor-
dered transcriptional regulatory domains (TRDs) (Jensen et al., 2010a) (Supp. Figure D.2). Since only
the NAC domain is used in this study and since remote disordered regions may fine tune both specificity
and affinity of DNA-binding (Fuxreiter et al., 2011) full-length ANAC092 was also used for the PBM
experiments. Finally, the WRKY domain of the WRKY1 TF was included due to its well-defined DNA-
binding specificity (Turck et al., 2004). We generated a list of 4821 gapped and ungapped 8-mers (Mate-
rials and Methods and Supp. Table S2a) that showed an Enrichment Score (ES) equal to or greater than
0.40 for at least one tested protein. Clustering of these k-mers revealed that NAC transcription factors can
be separated into 3 distinct groups characterized by their DNA specificities (Figure 6.1A). Interestingly,
these groups largely match the 3 main branches in the phylogenetic tree shown in Supp. Figure D.1A.
Cluster 1, which comprises ANAC019, ANAC055, ANAC092, ATAF1, NAP, NST2, SND1, VND3 and
VND7, shows a clear binding preference for the accepted NAC-BS model, T[G/A]CGT (Figure 6.1B)
(Olsen et al., 2004). This cluster can be further separated into clusters 1a and 1b. Cluster 1a contains
ANAC092, SND1 and NST2 which show a distinctive specificity for TTGCGT. Cluster 1b contains
ANAC019, ANAC055, VND7, ATAF1, NAP and VND3, which show a main specificity for the TACGT
core motif (Figure 6.1B). This agrees with our earlier results on ATAF1 using a different set of deBruijn
sequences and array design (Jensen et al., 2013). Interestingly, VND3 and VND7 are closer, in their
sequences, to proteins in Cluster 1a (Supp. Figure D.1A) yet their DNA specificity model groups these
TFs with Cluster 1b hinting at minor, yet critical, residue differences that would be able to dictate DNA
binding properties of the TF. Reassuringly, Cluster 1a also contained both forms of ANAC092. This
observation, together with the logos for both proteins in Figure 6.1B show that the full-length version of
ANAC092 binds with higher affinity to an expanded range of k-mers compared to the NAC DBD-only
version. Importantly, the DNA-binding specificity was not significantly changed by the disordered C-
terminus of ANAC092 (Figure 6.1B, Supp. Figure D.2). This suggests that the intrinsically disordered
region of ANAC092 assists the DNA binding giving an overall better binding/higher affinity, possibly
72
6.3. Results
through modulation of conformation, flexibility or spacing within the DNA-protein complex (Fuxreiter
et al., 2011). Cluster 2 only contains VOZ2, which distinct preference has a very strong resemblance
to a zinc finger motif CCCGCC as shown by, for example, Klf7 (Badis et al., 2009) or Sp1 (Kadonaga
et al., 1986). It has been shown that VOZ2’s zinc finger is required for DNA binding and this specificity
could confirm this requirement (Mitsuda et al., 2004). SOG-1 and ANAC003 failed to generate bind-
ing data. Cluster 3 containing NTL6 and NTL8, shows a surprising specificity for k-mers containing
TT(A/C/G)CTT (Figure 1B) and, additionally, NTL6 and NTL8 specific k-mers do not appear to show
any overlap (Figure 6.1A) with Clusters 1a, 1b or 2. Finally, our PBM data confirms the specificity of
WRKY1 for the W box consensus motif TTGACC/T (Figure 6.1A), as previously reported from in vivo
ChIP studies (Turck et al., 2004).
Figure 6.1: DNA binding profiles of NAC TFs can be separated into 5 specificity clusters. A) Bi-dimensional clustergram
of the identified 4821 significant k-mers (X axis) vs studied TFs (Y axis). Colored boxes indicate clusters of TFs showing
similar DNA specificity profiles at the k-mer level. B) DNA specificities for each TF, grouped in clusters as in Figure 6.1A.
C) Enrichment Score distributions for NTL6 and NTL8 shown as boxplots. Red boxes show NTL6 specific k-mer groups. The
identity of each k-mer is available in Supp. Fig. D.1B. For each box, the central mark represents the medial value for the
distribution, the box edges represent the 25th and 75th percentiles and the whiskers extend to the last non-outlier data point, as
described in Matlab’s "boxplot" help documentation (http: // www. mathworks. se/ help/ stats/ boxplot. html ). .
From our PBM analysis, we conclude that NAC proteins show specificities for at least 3 different con-
sensus models, and that the differences in DNA binding specificities largely match the 3 main branches
ahttp://nar.oxfordjournals.org/content/suppl/2014/06/09/gku502.DC1/nar-00465-z-2014-File008.xlsx
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in the phylogenetic tree shown (Supp. Figure D.1A) This indicates that NAC DNA binding specificities
may be estimated from their DNA binding domain’s sequence. In order to uncover hidden specificities
present in each TF’s data, we analysed the available PBM data using shorter word sequences that can
represent the full extent of the data in a simple manner. Using a combination of manual and statistical
analyses (Jiang et al., 2013) we identified 130 6-mers (ie: ungapped 6-mers and gapped 7-mers) that are
able to describe, with high precision, the variation in specificities for each TF at a single base resolution.
Additionally, these k-mers allow for the direct comparison of the differences in relative affinity of each
protein for each k-mer. Analyses of these comparisons (Figure 6.1C and Supp. Figure D.3) result in
the identification of TF-specific k-mers and to have a high resolution fingerprint of the relative affinities
of each protein against each key k-mer. For example, NTL6 and NTL8 show similar overall specificity
models (Figure 6.1B) yet it is evident that their binding preferences, when looking at shorter k-mers,
are dramatically different (Figure 6.1C) and there is no overlap between high-ES k-mers for NTL6 and
NTL8, even though their overall specificity models are very similar (Figure 6.1B). Finally, we can rank
the individual TFs by overall DNA binding specificity. By simple observation of the boxplots in Supp.
Figure S3, we can conclude that ANAC019, ANAC055, ANAC092, SND1 and NTL8 show broad and
high specificities, within their subclass (or Cluster) compared to the other NACs.
Our results show that though some NAC TFs share specificities, evident differences among top-
ranking k-mers are observed in their binding site preferences. Thus from this detailed analysis we can
generate precise specificity models, or fingerprints, for each TF which will uniquely define the spectrum
of DNA sequences recognized by each NAC protein.
Identification of direct NAC target genes from DNA-binding data and microarray analysis
Using our PBM results, we next aimed at determining target genes involved in NAC-specific signaling
in Arabidopsis. Raw PBM target genes were predicted by initially determining, for each TF, a set of
high scoring seed 8-mers and mapping these to the 1kb promoters of all Arabidopsis genes. This re-
sulted in a large number of predicted target genes (P) for the different TF (Supp. Table S3a and Supp.
Figure D.4). For 3 TFs (ANAC019, ANAC055 and ANAC092), transcriptional profiling of mutant lines
resulted in a set of differentially expressed (DE) genes (Hickman et al., 2013; Balazadeh et al., 2010),
which were used to evaluate our data processing methodology and to define additional criteria to delin-
eate functional target genes. Although DE genes contain directly as well as indirectly regulated genes,
they offer a valuable source of information to assess whether TF binding inferred through PBMs corre-
sponds with TF regulation. As the sets of P target genes showed only moderate enrichment for DE genes
in the mutant lines (1.09-1.21 fold enrichment)(Supp. Figure D.5), co-expression and motif conserva-
tion information were combined with the PBM data to identify more biologically relevant target genes.
Integration of expression data, through enrichment analysis of gene-centric co-expression clusters for P
target genes (see Materials and Methods), resulted in a reduced set of predicted + co-expressed PBM
target genes (P+COE) (Figure 6.2). For all 3 PBM experiments these candidate target gene sets showed
significant overlap with the DE genes yielding higher enrichments (1.68-2.97 fold enrichment) compared
with the full set of predicted target genes defined without co-expression information (Supp. Figure D.5).
Conservation of PBM motif instances was determined using a multi-species alignment-based phyloge-
netic footprinting approach with 11 related dicotyledonous species (see Materials and Methods). The
inclusion of motif conservation returns a set of target genes conserved within dicot plants (conserved
P+COE), for ANAC055 these conserved targets showed an increased enrichment for DE genes (4.78
fold enrichment, see Figure 6.2) compared to only using co-expression as a filter. A similar increase in
specificity for functional Gene Ontology (GO) enrichments was observed when comparing the DE gene
sets with subsequent filtering of the P target genes using co-expression and motif conservation (data not
shown). These results demonstrate that the developed methodology combined with the application of
complementary functional genomics filters makes it possible to translate, for each TF, the high-scoring
k-mers into a set of high-quality predicted genes, which provide the basis to study different biological
processes controlled by several NAC genes. All further analyses are performed using the P+COE target
genes because this set has the best balance between sensitivity and specificity. The NAC P+COE target
genes were used to generate a gene regulatory network (GRN) comprising 22,489 interactions for 12 TFs
74
6.3. Results
and 9706 P+COE target genes (Supp. Table S3a and S4a). A set of known TF-target gene interactions
curated from literature (Hussey et al., 2013) was used to evaluate the GRN. Experimentally determined
target genes were present for 3 TFs (SND1, VND7 and NST2) in our study. Overall, 32% (31/98) of
the interactions compiled from different small-scale experiments were recovered by our GRN, indicating
that apart from generating many novel interactions, also multiple known interactions were successfully
recovered using our approach. Condition and tissue dependent regulation, lack of co-factor data, as well
as chromatin state/accessibility information are factors that can interfere with the accurate detection of
functional target genes and can cause the mis-identification of a limited set of known regulated genes.
Figure 6.2: Overview of additional genomic filters leading to TF target genes with increased biological relevance. Starting
from the predicted PBM ANAC055 target genes, the inclusion of co-expression information and motif conservation leads to a
reduced set of target genes (right triangle) showing increased enrichment for DE genes obtained from a ANAC055 perturbation
transcript profiling experiment (left triangle). Specificity refers to the enrichment fold for DE genes in the different target
gene sets. Whereas motif conservation results in an increased specificity for DE genes compared to predicted PBM targets for
ANAC019, ANAC055 and ANAC092, combining co-expression information with motif conservation leads to an additional gain
in enrichment for ANAC055.
To study the overlap of the P+COE target genes, the sets of target genes for the different TFs were
compared (see Supp. Figure D.6 and Supp. Table S5a). Clustering of the TFs based on the shared target
genes revealed two clusters, one containing ANAC092, NST2, ANAC019, ANAC055, NAP, ATAF1,
VND3 and VND7, and one containing, SND1, NTL6 and NTL8. Due to the low number of candidate
target genes, VOZ2 shows very low overlap scores with the other TFs (Supp. Figure D.6). The high
overlap scores between ANAC092, ANAC055 and ANAC019 ( > 5-fold enrichment, hypergeometric
p-value < 0.01) are in agreement with the significant overlaps between the DE genes obtained from
transcript profiling on the corresponding mutants (3-6 fold enrichment, p-value < 0.01; see Supp. Figure
D.7), suggesting substantial functional redundancy between those TFs. Functional redundancy between
ANAC019 and ANAC055 was previously described in literature (Zheng et al., 2012; Bu et al., 2008;
Tran et al., 2004), although some diversity is seen for their senescence associated regulons (Hickman
et al., 2013). Furthermore our results can confirm the presence of binding sites for ANAC055 and
ANAC019 in the promoter of BSMT1, a salicylic acid methyltransferase, and the highest target gene
overlap (84%) was found between ANAC055 and ANAC019. The functional redundancy of P+COE
targets was also evaluated through overlap analysis of enriched functional modules. These functional
modules comprise a set 13,142 genes (1,562 modules) annotated with specific functional descriptions
based on experimental GO information, protein-protein interaction data, protein-DNA interactions or
AraNet gene function predictions (Heyndrickx and Vandepoele, 2012). As ANAC019 and ANAC055
also show a significant overlap (80%) of functional modules (p-value < 0.01), these results corroborate
the functional redundancy between these two NAC TFs. Other NAC TFs also showed a large overlap
in enriched functional modules (Figure 6.3A and Supp. Figure D.8). Comparing the expression profiles
of the different TFs during transcript profiling in different stress conditions (Supp. Figure D.9) further
supports the functional overlap between ANAC019, ANAC055, ANAC092, ATAF1 and NAP.
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To validate the co-binding of different NAC TFs in close proximity through a palindromic binding
site, we systematically screened the promoters of ANAC019, ANAC055 and ANAC092 DE genes for
palindromic NAC binding sites using the motif CGTN7-8ACG (CGT spacer 7 or 8 nucleotides followed
by ACG) (Jensen et al., 2010b; Tran et al., 2004). Only 9%, 15% and 12% respectively of the DE genes
contained a palindromic NAC binding site, and for ANAC019 and ANAC092 this overlap was not signif-
icant. Based on the PBM binding data, only 2.2-2.8% of the ANAC019/ANAC055/ANAC092 P+COE
target genes are bound by two adjacent NAC binding sites (spacer of 7 or 8 nucleotides). Considering all
NAC TFs, only 3.7% of the P+COE target genes showed this co-binding pattern, corroborating that in
most cases NAC binding and regulation is mediated through an individual binding site.
Overview of functional modules regulated by the different NAC TFs
Apart from comparing the overlap between P+COE genes and DE genes, we also studied the functional
landscape of the different TFs using GO and functional modules. Enrichment analysis of P+COE target
genes allowed to detect, per TF, the set of modules and associated functions showing significant overlap.
The integration of this type of functional datasets can be used to transform the classical GRN into a
TF-functional module network from which the diverse functionalities of TFs can be delineated (Supp.
Table S6a and Figure 6.3). A first set of enriched modules is targeted by multiple TFs (5 or more) and
is associated with different stress-related functional descriptions as well as signal transduction, transport
and secondary metabolism (Figure 6.3A). The cooperative binding of the genes in these modules mainly
comprises known stress-related factors including ANAC019, ANA055, ANAC092, and NAP. The ob-
served association of ATAF1 with growth and development modules is also evident from the vegetative
growth phenotypes of plants with perturbed ATAF1 levels (Jensen et al., 2013). A second set of mod-
ules is only targeted by a limited number of TFs and the genes in these modules cover a wider variety
of biological processes and molecular functions (Figure 6.3B). Examples include previously described
functions of SND1 and VND7 in cell wall biosynthesis and a role for NTL8 in embryo development
(Zhong et al., 2007, 2010). Furthermore, we found that ANAC092 is linked with multiple transport and
signal transduction related modules, which include known DE genes such as RNS1, ILL6 and MAP-
KKK19 (Balazadeh et al., 2010). Of novel relevance to the secondary cell wall-thickening regulator
NST2, we highlight genes responding to nutrient starvation and water deficiency (module 10, Figure
6.3A, Supp. Table S6a), whereas novel target genes of VND7 include genes related to defense and pro-
grammed cell death (ie. MYB TFs), as well those earlier identified genes related to cell wall biogenesis
(Zhong et al., 2010). Likewise, a large part of the verified target genes of secondary cell wall regulator
SND1 include genes involved in cell wall biogenesis (ie. SND2 and SND3) and xylem development (ie.
IRX genes). Furthermore, we highlight the overrepresentation of functional modules related to transport
and senescence to include novel SND1 target genes (Supp. Table S6a). Finally, we observed a striking
difference in the presence of genes with conserved motifs between the modules that are targeted by a big
number of TFs ( > 5) and the modules that are targeted by a smaller number of TFs (arrow-head lines
in Figure 6.3A vs Figure 6.3B), suggesting that the complexly regulated stress modules represent highly
conserved regulatory interactions within plants. Obviously, the candidate target gene sets together with
the associated functional modules offer a promising resource to unravel the functions of the different
NAC genes in more detail.
Using native and synthetic promoter elements to validate PBM results
Binding of TFs to promoter elements is necessary to establish and maintain changes in gene expression
levels of target genes (Xiao et al., 2013), and changing the TF-DNA affinity could dramatically affect the
regulatory potential of the TF (Chavalit et al., 2013). Acknowledging this, we asked whether it would be
possible to turn an element present in a target gene promoter identified from our studies into a synthetic
promoter element that would both abrogate binding preferences of one TF and direct binding of another
TF. Among our selected NAC TFs, binding site profiles of ANAC092 are most distantly related (ie. most
divergent PWMs) to the NTL TFs (Figure 6.1A and Supp. Figure D.10) allowing us to test our hypoth-
esis using these TFs. Firstly, in order to validate our 10-mer PBM data for ANAC092 and NTL6 using
EMSA, we used a 30 bp oligonucleotide identical to the promoter of the ANAC092 target gene MYB90
76
6.3. Results
Figure 6.3: Functional overview of modules enriched for TF-target genes. Panel A shows the TF module network for
enriched modules that are shared between 5 or more TFs while panel B shows the TF module network for enriched modules
that are shared between less than five TFs. Grey boxes represent TFs while colored circles refer to modules attributed to
different functional categories. The numbers in the colored circles refer to the functional gene modules described in Supp.
Table S6a. Whereas dotted black edges denote module enrichment for candidate PBM target genes, full black lines denote
candidate target genes with a conserved motif and green dotted or full lines indicate that a DE gene for that TF is present in
the module.
involved in activating anthocyanin biosynthesis in response to C and N nutrient status (Gao et al., 2008).
MYB90 was chosen as it is one of the 2 genes that passed all filtering tests for ANAC092 (The other one
being AT3G02040)(conserved P+COE and DE). The 30 bp oligonucleotide contains a high ES k-mer
(TACGTCA.C, 0.46) for ANAC092, yet scores very low for NTL6 (0.02, Supp. Figure D.10). In agree-
ment with our PBM results, our EMSA result shows ANAC092 binding to the 30 bp promoter fragment
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spanning the -361 bases upstream of the transcription start site of the MYB90 promoter, whereas no
binding was detected using NTL6 (Figure 6.4). Next, using this oligonucleotide we aimed to turn it into
a synthetic NTL6-binding promoter element (MYB90Synth) using the smallest Levenshtein distance,
representing the minimum number of single-nucleotide changes required to change one sequence into
another (Levenshtein, 1966). Using this modified 30 bp oligonucleotide, in which TACGTCA was mu-
tated into a high-ES NTL6 target motif (0.47) TAaGTaA, we observed a lowered affinity of ANAC092
for the MYB90Synth element. This is in accordance with the low PBM derived ES value of ANAC092
for TAAGTAA motifs (0.27, Supp. Figure D.10). Most importantly, NTL6 was observed to bind to the
MYB90Synth oligonucleotide with high affinity. As a positive control all proteins were tested for bind-
ing to the palindromic NAC-BS consensus (Olsen et al., 2005). Here, ANAC092 showed the strongest
affinity. We note that we repeatedly observed two ANAC092-palNACBS and NTL6-MYB90Synth com-
plexes. This could potentially arise from binding of two individual dimers to the DNA fragment, also
observed in the co-crystal structure of ANAC019-PalNAC BS (Welner et al., 2012). Taken together,
we use a 30 bp oligonucleotide identical to the promoter element of the ANAC092 target gene MYB90
to validate our PBM data for ANAC092. Also, we report a 2-nucleotide substitution of the ANAC092
binding site lowering the affinity of ANAC092 for this synthetic promoter element and turning it into an
NTL6-binding element.
Figure 6.4: Design of a NTL6 binding site from an ANAC092 promoter. ANAC092 (panel A) and NTL6 (panel B) were
tested by EMSAs for binding to a known and validated palindromic NAC-BS consensus (palNACBS), a fragment of an identified
ANAC092 target promoter (At1g66390; MYB90) (WT promoter) containing the TACGTCA k-mer and a Synthetic promoter
where the same k-mer was mutated to TAaGTaA to mimic an NTL6 binding site.
Using co-expression analysis to uncover the regulatory potential of ANAC092
Co-expression occurs among TFs and target genes (Truman and Glazebrook, 2012). To validate our list
of putative target genes for our candidate NAC TFs, we hypothesized that genes controlled by individual
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NAC members should be (i) co-expressed during environmental cues known to affect NAC gene expres-
sion, and (ii) have one or more NAC consensus binding site(s) in their promoter. For this purpose we
performed data-mining on > 3.000 ATH1 microarray samples from wild-type Col-0 plants, deposited at
Genevestigator (Hruz et al., 2008) and, using a stringent ( > 2-fold regulation, P < 0.05) selection cri-
terion for ANAC092 transcript level perturbations, we found 705 microarray datasets representing 160
perturbations (Figure 6.5). Using these data, we analyzed the co-expression of ANAC092 and the set of
107 putative target genes. From this analysis we identified two major clusters of genes; those with a pos-
itive correlation with ANAC092, and those with a negative correlation expression pattern compared to
ANAC092. Interestingly, target genes up-regulated in anac092 mutant plants almost perfectly match the
genes that are down-regulated when ANAC092 is induced. Vice versa, genes down-regulated in anac092
mutants, show almost perfect co-expression with ANAC092. This indicates that ANAC092 could be both
a direct activator and a direct repressor. Moreover, the regulatory potential of ANAC092 is maintained
during multiple environmental stresses, and not only during the anac092 vs Col-0 control condition sam-
ples reported by Balazadeh and colleagues that we used in this analysis. The strong ANAC092 expression
perturbations during environmental stresses observed from our analysis is in agreement with the recent
results published by Patil et al. highlighting ANAC092-mediated stress tolerance (Patil et al., 2013).This
result suggests ANAC092 as a TF associated with both positive and negative effects on transcription of
a large set of stress-related genes.
Figure 6.5: The regulatory potential of ANAC092 is maintained during multiple environmental stresses. Top heatmap
displays 107 genes differentially regulated in anac092 plants compared to Col-0 wild-type plants, all having ANAC092-BS in
their 1 kb promoter. Only conditions affecting ANAC092 expression were included ( > 2-fold regulation, P < 0.05, = 160
perturbations, 705 microarrays). Below, ’Down’ denotes the 89 genes down-regulated in anac092 mutant plants compared
to Col-0 wild-type plants and ’Up’ denotes the 18 genes up-regulated in anac092 mutant plants compared to Col-0 wild-type
plants. * indicates position of ANAC092. To the left selected conditions perturbing most target genes are high-lighted.
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6.4 Discussion
A major challenge for predicting gene expression is the accurate characterization and design of genetic
circuits that regulate single or multiple genes in response to specific environmental, developmental and
physiological cues. In the age of synthetic biology, characterization of TF binding preferences and tar-
get gene identification offer major advantages towards engineering genetic circuits for optimal fitness
in plant responses towards environmental stresses. However, in order to fully understand the regulatory
capabilities of any TF, we need to characterize its DNA binding specificities with the highest resolution
possible in order to minimize erroneous TF-promoter associations resulting in misleading GRNs. As
previously described the CGT[A/G] motif has been identified as the core binding site of stress-inducible
NAC TFs (Puranik et al., 2012; Olsen et al., 2005; Tran et al., 2004). However, this motif present in the
DNA binding sites of Cluster 1, is also a core binding site for NAC TFs involved in development and
secondary wall synthesis (Zhong et al., 2010). The binding sites of Cluster 1 proteins show differences
in the flanking regions that mark divergence in the functionality of this cluster’s members. These binding
differences may be explained by small variations in the DNA-contacting amino acids residues (Supp.
Figure D.1B) which, according to the crystallographic model of the ANAC019-DNA complex, are close
to the DNA (36). These regions contain both the conserved Arg-88, essential for binding, and the con-
served beta strand protruding into the major groove of DNA. ANAC019, ANAC055, NAP and ATAF1,
which have similar binding sites, constitute a sub-group based on the sequence regions close to DNA
(Supp. Figure D.1B), suggesting that these regions influence DNA-binding specificity. These closely
related NAC TFs, however, also show different preferences for A/G of the core binding site which is not
easily explained from the sequence alignment. SND1, NST2, VND3 and VND7, involved in secondary
wall synthesis (Zhong et al., 2007, 2010) cluster together (Supp. Figure D.1A) (Jensen et al., 2010a) yet
the DNA binding specificities of SND1 and NST2 are closer to those of ANAC092 than those of VND3
and VND7. This is unexpected considering that the expected DNA contacting residues for all these TFs
are identical. Further analysis will reveal if substitution of single amino acid residue, such as the change
of a conserved basic residue to a glutamine (position 127 of VND3), possibly in contact with DNA (Wel-
ner et al., 2012), may affect DNA binding specificity. Surprisingly, and in contrast to reports showing
that binding of NTL6 to the Pathogenesis-Related (PR) genes depends on the NAC-BS core (Seo et al.,
2010) NTL6 and NTL8 do not recognize sequences with the NAC-BS core. We did not observe any
overlap between DNA specificities of Cluster 1 and Cluster 3, leading to the hypothesis that these pro-
teins, while members of the same general TF family, are functionally divergent from their paralogues.
As seen in bHLH and homeodomain proteins, few amino acids can play a critical role in the definition
of DNA specificities for single TFs (Grove et al., 2009; Masi et al., 2011; Berger et al., 2008; Noyes
et al., 2008). Indeed, as few as 5 positions show differences between NTL6, NTL8 and the remaining
NAC proteins. These are at positions NTL6 74 (Y->F), 102 (R->K), 116 (R->K), 121 (H->Y) and 130
(R->K), with 121 (H->Y) representing the chemically most significant change (Supp. Figure D.1B).
While positions 116, 121 and 130 are close to DNA, we can not rule out that positions 74, 102 and addi-
tional regions may also influence specificity of these NAC proteins. Although single amino acid residues
may dictate DNA binding specificity, conformational changes of for example the DNA-contacting NAC
loops (Welner et al., 2012) may also influence DNA-binding specificity (Nakagawa et al., 2013). Clearly,
further structural analyses are needed to identify the fine molecular determinants of NAC-DNA binding
specificity and affinity even though these presented data can be sufficient to estimate DNA specificities
for NAC proteins in terms of Cluster 1, 2 or 3. NAC binding sequences selected in some other studies
are palindromic sets of two adjacent sites reflecting that NAC TFs forms and bind DNA as dimers (Olsen
et al., 2005; Ernst et al., 2004). However, as seen in this study, single NAC binding sites (NACBSs) can
be sufficient for NAC promoter binding. This effect has been also shown to be true from the analysis of
ANAC072/019/055 binding to the ERD1 promoter (Tran et al., 2004), ANAC096 binding to the RD29A
promoter (Xu et al., 2013) and ATAF1 binding to the 9-cis-epoxycarotenoid dioxygenase (NCED3) pro-
moter (Jensen et al., 2013). In fact, the single ATAF1 binding site identified by PBM analysis was used
to identify NCED3 as a direct ATAF1 target gene (Jensen et al., 2013). The fact that a single NAC-BS
is sufficient for NAC binding is also supported by in vitro analysis showing that although NAC dimer-
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ization is needed for detectable DNA binding, only a single NACBS is needed for binding (Olsen et al.,
2005). Furthermore, a recent DNase I footprint of ANAC019 and the palindromic PalNAC BS showed
asymmetric protection (i.e. saturation) of the two single binding sites in the palindrome (Welner et al.,
2012). Despite this, heterodimerization of NAC TFs (Ernst et al., 2004) may expand the DNA binding
specificity spectrum in vitro, as suggested for the bHLH TFs (Grove et al., 2009; Masi et al., 2011).
This variability between single or double binding sites can bring yet another level of genetic regulation
in NAC dependent stress response in A. thaliana. It is plausible that promoters showing palindromic
dimer sites could be differentially regulated by combinations of NAC homo- and hetero-dimers thus ex-
panding on the range of stress signals recognised. To better understand this process a large-scale NAC
dimerization screen followed by NAC dimer DNA binding studies would be required. A major challenge
for the characterisation of GRNs using high-throughput TF binding data is to properly translate DNA
specificities in meaningful lists of potentially regulated genes. Transcription-factor binding affinities
determined in vitro have been shown to quantitatively predict the output of complex target promoters
(Grove et al., 2009; Rajkumar et al., 2013) yet, the risk of contaminating the target detection analysis
with false positives and false negatives is a real threat. By integrating different layers of evidence, such
as co-expression information, differential expression in mutant plants, motif conservation and functional
gene modules, we were able to obtain meaningful and accurate functional predictions for the studied
TFs, including the verification of 31 previously identified NAC TF target genes. This emphasizes the
applicability of our workflow using PBM and functional modules to uncover NAC TF target genes. The
improved specificity obtained through the integration of complementary functional genomics data sets is
in agreement with recent observations from genome-wide chromatin immunoprecipitation experiments,
where typically only a minor fraction of bound regions corresponds with bona fide regulated target genes
(Ferrier et al., 2011). As a consequence, also for ChIP-chip and ChIP-Seq experiments, detailed motif
and expression information are required to define an accurate set of functional in vivo target genes.
Due to the fact that NAC TFs have a large potential in plant engineering and production of more robust
economically important crops (Puranik et al., 2012; Jeong et al., 2010; Uauy et al., 2006) detailed knowl-
edge about TF-DNA interfaces and target gene perturbations become crucial knowledge for the exploita-
tion of rationally designed GRNs for improved stress tolerance and other economically important traits.
As shown here, the minimal changes in NACBS required to engineer, and potentially redirect, single
TF GRNs can hold interesting solutions for future breeding and genome editing projects. For instance,
identification of SNPs in TF-BSs of putative orthologous gene promoters related to certain morphological
traits, can be harnessed for improving or abrogating TF DNA-binding affinity and thereby transcriptional
output. Further away, specific Cas9-based genome editing (Li et al., 2013) could be applied to balance
transcriptional output to specific environmental conditions using a one-TF-many-target-genes approach.
Using the knowledge and information obtained from this study, we could envision modifying specific
NAC binding sites, with great accuracy, to rewire GRNs with the final aim at improving or generate de
novo stress responses in A. thaliana and other plants. This novel GRN design could lead to the generation
of drought or other climatic-stress resistant crops, that could be designed to contrast desertification and
the resulting loss in food production.
6.5 Material and Methods
Sequence analysis of the NAC family
Multiple alignments, phylogenetic tree and the sequence similarity matrix of the DNA binding domains
of all proteins were generated using ClustalW (Thompson et al., 1994) and drawn using MatLab (Math-
works, Natick, Ma). BoxShade (http://www.ch.embnet.org/software/BOX_form.html) was then
used for producing graphical representations of the multiple alignment.
Cloning and recombinant protein production
Oligonucleotides, restriction enzymes and vectors used for cloning of GST-tagged proteins analyzed in
this study are listed in Supp. Table S1a. Cloning and production of several of the GST-recombinant
proteins have already been described (Jensen et al., 2010b). In addition, cDNA clones acquired from
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the Arabidopsis Biological Resource Center were amplified by PCR to obtain the region encoding the
NAC domain of ANAC055, ANAC072, NAP, and NST2, full-length ANAC092 and the DBD of WRKY1
(Duan et al., 2007). Finally, the NAC domain encoding region of SND1 was synthesized (Eurofins MWG
Operon) and used for PCR. The PCR products were inserted into the vectors as shown (Supp. Table S1a).
For the zinc-finger TFs VOZ2 and WRKY1 50 t¸M zinc acetate was added to the growth medium. After
induction, cells were harvested and sonicated and GST-tagged proteins were purified on glutathione-
Sepharose 4B resin (GE Healthcare) as described (Jensen et al., 2010b). Purified recombinant proteins
were analysed by SDS-PAGE and absorbance scans. Protein concentrations were estimated from A280
measurements. By using this procedure highly pure GST-tagged recombinant proteins was produced and
no further purification was needed. A subset of the NAC proteins described above was also produced by
PURExpress In Vitro Protein Synthesis transcription/translation kits (New England Biolabs) according
to the manufacturer’s instructions. The concentration of purified GST-tagged proteins was quantified by
Western blotting using anti-GST antibody (Invitrogen) by comparison to a dilution series of recombinant
glutathione-S-transferase (Sigma).
Protein Binding Microarray experiments and data analysis
Oligonucleotide arrays were made double-stranded by primer extension and PBM experiments were per-
formed as described previously using custom ’all 10-mer’ array design using the Agilent ’4x180K’ array
format (Agilent Technologies, Inc) (Berger and Bulyk, 2009). All PBM experiments were performed
in duplicate at a final protein concentration between 200-500 nM. Microarray scanning, spot quantifica-
tion, data filtering, normalization and primary analysis were performed as previously described (Grove
et al., 2009; Berger and Bulyk, 2009). Significant k-mers were selected by identification of all words
showing an Enrichment Score (ES) equal to or greater than 0.4 for at least one studied TF. Contrary to
other similar studies, we here retrieved all gapped or un-gapped 8-mers resulting in a final set of 4821
significant k-mers (Supp. Table S2a). ’Core words’ used for boxplots were identified by a combination
of a statistical method (’preferred k-mers’) from Jiang et al. (2013) and a visual approach of the previ-
ously described matrix. This resulted in the identification of 130 core words of length 6 or 7 that are
able to describe the exact specificities of each TF. PWM logos were drawn using the enoLogos engine
(Workman et al., 2005). Heatmap figures were made using Matlab (Figure 6.1) and Genesis (Sturn et al.,
2002) (Figure D.6 and D.8).
Detection of target genes, integration of co-expression information, gene function enrichment analysis and
motif conservation
Target genes were predicted by initially determining for each TF a set of high scoring seed 8-mers (ES >
0.45) and mapping these to the promoters of all Arabidopsis genes (TAIR10). A promoter was defined
as the 1000bp upstream of a gene or a shorter region if the adjacent upstream gene is located within
a distance smaller than 1kb. To refine the set of PBM predicted (P) target genes, expression data was
integrated to define target genes that are also co-expressing with other predicted target genes (P+COE).
Based on 14 Affymetrix ATH1 microarray expression compendia delineated by De Bodt and colleagues
(De Bodt et al., 2010), we defined for each gene a co-expression cluster by selecting the top-100 co-
expressed genes based on Pearson correlation coefficients. A target gene was retained as P+COE target
if its co-expression cluster was enriched for target genes of the same TF (hypergeometric distribution,
p-value < 0.05). To evaluate the evolutionary conservation of individual k-mer instances, a multi-species
phylogenetic footprinting approach was applied. For each Arabidopsis target gene the orthologous genes
from 11 other dicot species (Malus domestica, Fragaria vesca, Manihot esculenta, Medicago truncatula,
Carica papaya, Glycine max, Lotus japonica, Ricinus communis, Theobroma cacao, Populus trichocarpa
and Vitis vinifera; source PLAZA 2.5 (Van Bel et al., 2012)) were retrieved using the PLAZA Integrative
Orthology method. First, the 1 kb orthologous promoter sequences were aligned to the query promoter
using the Sigma alignment tool (Siddharthan, 2006). Next, all pairwise alignments for each query gene
were aggregated on the query sequence generating a multi-species conservation plot that shows for each
nucleotide of the investigated region how many species support this nucleotide through pairwise foot-
prints. All footprints for each level of conservation were extracted from the multi-species conservation
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plot. Finally, the significance of the observed multi-species footprints, per Arabidopsis target gene, was
determined by randomly sampling 1000 non-orthologous gene sets, maintaining the gene and species
composition as observed in the real orthologous data set, and scoring in how many random gene sets a
footprint with a similar or better multi-species conservation was found. Footprints with a false discovery
rate (FDR) < 5% were used to identify conserved PBM motif instances. The significance of the overlap
was calculated using the hypergeometric distribution (p-value < 0.05). Fold enrichment was calculated
using the formula (k/n)/(K/N) where k is the number of recovered differentially expressed (DE) genes
within the predicted target genes, n is the number of predicted target genes, K is the number of DE genes
and N is the number of genes in the genome.
Construction and biological evaluation of the NAC gene regulatory network
In order to construct a gene regulatory network all P+COE target genes of all TFs were used. In order
to evaluate function of these P+COE target genes we determined, per TF, enriched functional modules
for all target genes. The associated GO terms of each enriched functional module were mapped to their
parental GO terms, GO slim terms were selected and these GO slim terms were grouped into 10 func-
tional categories. In order to obtain functional categories all GO slim terms were clustered on their
enrichment in functional modules and groups of GO slim terms that clustered together were isolated as
categories (tropism: tropism; cellular homeostasis: cellular homeostasis; stress cell death and signalling:
cell-cell signalling, regulation of gene expression, epigenetic, response to stress, response to biotic stim-
ulus, response to abiotic stimulus, death, cell death, response to external stimulus, cell communication,
response to extracellular stimulus; transport: transport; signal transduction and response to endogenous
stimulus: signal transduction, response to endogenous stimulus; catabolic process: catabolic process;
energy lipid carbohydrate and secondary metabolism : generation of precursor metabolites and energy,
photosynthesis, lipid metabolic process, carbohydrate metabolic process, secondary metabolic process;
cell cycle: cell cycle; translation and protein metabolism: translation, protein metabolic process; growth
reproduction and development: reproduction, multicellular organismal development, anatomical struc-
ture morphogenesis, embryo development, post-embryonic development, fruit ripening, abscission, pol-
lination, pollen-pistil interaction, flower development, cellular component organization, cell growth, cell
differentiation, growth). The network depicted in Figure 6.3 was constructed using the Node Chart Plu-
gin for Cytoscape 2.8.2 (Smoot et al., 2011). Only modules with enriched GO slim terms are depicted.
This plugin allows for a module node to be used as a pie chart and through color-coding for the different
functional categories, this allowed visualizing the predicted functional role of each modules associated
to each TF.
EMSA (electrophoretic mobility-shift assay)
Purified GST-ANAC092(1-176) and GST-NTL6(1-168) were tested for functionality in EMSAs using a
32P-labelled double stranded oligonucleotide of the palindromic NAC binding site (PalNACBS; Supp.
Table S1a; (Olsen et al., 2005)), the wild type MYB90 promoter fragment (Supp. Table S1a; WT pro-
moter) and the synthetic promoter fragment (Supp. Table S1a; Synthetic promoter). EMSAs were per-
formed as described previously (Olsen et al., 2005; Welner et al., 2012). The oligonucleotides used in
EMSA were initially pairwise annealed in 100 t¸l (20 mM Tris-HCl, pH 8.0, 20 mM MgCl2) by heating
the solution to 95rˇC for 5 min followed by slowly cooling to room temperature, which normally takes
hours. Small aliquots were then taken out when needed for labeling, purification and finally EMSA. The
DNA concentration in EMSA were kept at 75 pM, which is roughly 1000-fold lower than the estimated
Kd for the interaction (Welner et al., 2012).
Co-expression analyses
To investigate if genes differentially expressed in anac092 mutant compared to wild-type Col-0 plants
maintain expression perturbations during environmental conditions known to affect ANAC092 levels, we
data-mined > 3.000 Col-0 wild-type ATH1 microarray samples from the Genevestigator data repository
(Hruz et al., 2008). Using a stringent ( > 2-fold regulation, P < 0.05) selection criterion for ANAC092
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transcript level perturbations, we found 705 microarray slides from 160 perturbations. This data set was
used to perform hierarchal clustering (euclidian distance) of ANAC092 and 107 putative target genes
differentially expressed in anac092 mutant compared to wild-type Col-0 plants, all containing ANAC092
BS in their 1 kb promoter.
Accession numbers
Sequence data from this article can be found in TAIR (The Arabidopsis Information Resource) and
EMBL (European Molecular Biology Laboratory) data libraries using the nomenclature names, syn-
onyms and accession numbers in Supp. Table S1a.
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CHAPTER7
General Conclusions and Perspectives
7.1 CNS detection and usage for TFBS prediction
Throughout this thesis different approaches were developed for the detection of CNSs. These methods
can be split up in alignment based and alignment free. For the CMM approach and alignment based
approach developed in Chapter 3 it was shown that both methods have comparable performance and are
complementary to each other (Figure A.3). It is however generally considered that alignment free ap-
proaches are more sensitive in detecting TFBSs. In Chapter 5 the alignment free approach of BLSspeller
was shown to detect more TFBSs associated with TF ChIP-seq peaks than the alignment based approach.
This higher sensitivity can be partly explained by the fact that removing the constraint of alignment al-
lows the approach to detect binding site conservation where turnover has occurred. The downside to
this flexibility is reflected in the spurious detection of conserved binding sites, because the conservation
context is less stringent. Alignment based approaches on the other hand suffer from the fact that many
motifs are no longer alignable across very large phylogenetic distances as is the case for a large part of
currently sequenced plant genomes. Alignment based approaches are able to pick up longer stretches of
conservation. These longer conserved stretches were also shown to contain small non-coding RNAs and
as such capture a different spectrum of the conserved non-coding regulatory landscape (Haudry et al.,
2013). Another limitation of the alignment free CMM approach is that it relies on known TFBS speci-
ficity data as input for the detection of conserved TFBS. This limits the applicability of this approach
to TFs for which this information is available. The alignment free approach of the BLSspeller tool ele-
gantly overcomes this limitation by exhaustively enumerating over all possible words in the promoter of
the investigated genes. This allows the tool to detect conserved TFBS with high sensitivity and unbiased
towards existing data.
The performance of CNS for predicting TFBS was discussed in the different chapters of this thesis.
A recurring observation throughout this work is the fact that TFBS predictions based on conservation
across larger phylogenetic distances show high specificity but lower recovery. This effect is most visible
in (Figure A.6). In this figure a comparison of enrichment towards in vivo functional binding sites
(Chapter 3) is made showing that enrichment is higher for conserved binding sites compared to binding
sites in open chromatin and binding sites predicted without a functional filter. The recovery of these
binding sites shows an opposite trend (data not shown). This leads to the conclusion that conservation
is a great functional filter but also has limitations. Rewiring of the gene regulatory network during
evolution, caused by small and large scale duplications and the associated sub and neo-functionalization
hamper higher recovery rates of TFBSs. Another limitation is the fact that transcriptional regulation
of specific biological processes such as adaptive responses to pathogens or environmental changes are
simply not conserved.
A similar trend is also visible when comparing TFBS prediction between different methods relying on
phylogenetic conservation (Figure 3.2). A larger evolutionary distance considered leads to higher speci-
ficity and lower recovery of TFBS. An independent comparison of CNS prediction methods replicated
this observation through a comparison of the recovery of and enrichment towards Dnase hypersensitive
sites and a manually curated set of CNSs. In this study the CNS detection method presented in Chapter
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3 showed a moderate recovery but highest specificity for both the high quality CNS and open chromatin
datasets (Burgess, Xu and Freeling, 2015). From this comparison it can be concluded that conservation
based methods are subject to a tradeoff between either the specificity provided by large divergence times
and the sensitivity provided by the comparison of more closely related species. This poses a challenging
problem in plants as the whole genome alignment approaches that are used to create high sensitivity
across smaller phylogenetic distances cannot be applied to compare evolutionary more distant genomes.
An approach using whole genome alignments across large phylogenetic distances in plants performed
very poorly in the same benchmark (Figure 3.2) (Hupalo and Kern, 2013). A potential solution might be
found in the use of the BLSspeller tool that can account for both large and small phylogenetic distances.
In line with higher specificity, the yield of detected CNSs is much lower over larger phylogenetic
distances. This is evident from comparing the number of CNSs detected by the BLSspeller tool used in
monocots (Chapter 5) and the analyses performed in dicots (Chapter 3 & 4) but also in comparison to the
work in brassicaceae (Haudry et al., 2013). The conservation that is detected is always with regard to the
comparator species used. Different sets of comparator species also capture different spectra of biology,
whereas conserved TFBSs detected between closely related species will reflect more lineage or species
specific biology, conserved TFBSs across larger distances will represent more core functions. An illus-
tration of this link can be found in Chapter 4, where a small gene regulatory network of conserved E2F
interactions, involved in cell cycle regulation, was identified. The most deeply conserved interactions
were conserved as far as green algae (Figure 4.3).
7.2 Application of CNSs and Conserved TFBSs
Apart from studying transcriptional regulation through CNSs and determining correct target genes for a
TF, investigating the binding pattern of a TF is a powerful method to gain insights in its biology. The
function of a TF is largely determined by the processes in which the target genes it controls are involved.
The following paragraphs are meant as illustrations and discuss how utilizing different strategies for
incorporating CNSs can help to generate leads in unraveling molecular pathways, functionally character-
izing TFs and the interpretation of genome-wide association studies (GWAS). In combination with other
data these leads can be filtered down to a small set of genes that can be investigated further with classical
methods.
Functional analysis of the Arabidopsis TETRASPANIN gene family (Wang et al., 2015a)
TETRASPANIN (TET) genes encode conserved integral membrane proteins that are known in animals to
function in cellular communication during gamete fusion, immunity reaction, and pathogen recognition.
In plants, functional information is limited to one of the 17 members of the Arabidopsis TET gene family
and to expression data in reproductive stages. Here, the promoter activity of all 17 Arabidopsis TET
genes was investigated by reporter lines throughout the life cycle, which predicted functional divergence
in the paralogous genes per clade. Mutational analysis showed a role for TET13 in primary root growth
and lateral root development and redundant roles for TET5 and TET6 in leaf and root growth through
negative regulation of cell proliferation.
In order to further identify environmental and developmental stimuli that might influence TET gene
expression cis-regulatory elements in the promoters of TET genes were also explored. To reduce the
number of false positives returned by simply mapping known cis-regulatory elements to the 2-kb pro-
moters of the different TET genes, also co-regulatory genes, evolutionary sequence conservation, and
information about open chromatin regions were integrated. For each TET gene a co-expression clus-
ter was created using transcriptome samples of tissue and perturbation experiments in which the gene
showed a strong response. This was followed by motif enrichment using evolutionary conservation and
presence in open chromatin as filters. In total, 71 cis-regulatory elements were identified in the TET
promoters and their respective co-regulated genes. Linking TET differential gene expression upon a
selection of perturbations with the biological processes in which the known cis-regulatory elements are
involved was used to verify the cis-regulatory elements identified in the promoters of the TET genes. The
conditions in which the identified cis-regulatory elements were known to play crucial roles had a good
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correlation with the conditions in which nine TET genes were differentially expressed. In an attempt to
further improve our understanding of the transcriptional regulation of TETs and their positions in molec-
ular pathways, a TF-TET gene regulatory network was built by combining different regulatory data sets
(conserved TF-binding sites, ChIP TF-binding and TF expression perturbation information) into a gene
regulatory network. Expression measurement data after TF perturbation for nine TFs identified as tar-
geting TET genes confirmed these predictions by significant differential expression of the target genes
and identify the respective TET genes as novel components of specific developmental or physiological
pathways (Fig. 7.1).
Figure 7.1: Gene regulatory network for TET genes. . Source: Wang et al, 2015
The cis-regulatory elements together with transcription factor-binding data provided molecular insight
into the sites, conditions, and perturbations that affect TET gene expression and positioned the TET genes
in different molecular pathways (Wang et al, 2015a).
Improving energy use efficiency and drought tolerance in Canola (Verkest et al., 2015).
Increasing both the yield potential and stability of crops at the same time is a longstanding challenge
in breeding strategies and is mostly approached from a direct genetic point of view, while the utility
of epigenetics in complex traits is still unclear. A better understanding of the status of the epigenome
and its contribution to agronomic performance would help in developing novel breeding programs and
further improve the performance of crops. Starting from isogenic canola (Brassica napus) lines, epi-
lines were generated that display increased energy use efficiency, drought tolerance and nitrogen use
efficiency. Transcriptome analysis of the epilines and a line selected for its energy use efficiency solely
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revealed common differentially expressed genes related to the onset of stress tolerance-regulating sig-
naling events. Genes related to responses to salt, osmotic, abscisic acid, and drought treatments were
specifically differentially expressed in the drought-tolerant epilines. The status of the epigenome, scored
as differential histone 3 lysine-4 trimethylation, further supported the phenotype by targeting drought-
responsive genes and facilitating the transcription of the differentially expressed (DE) genes.
The enrichment of both kinases and TFs was found in the differentially expressed and differential
presence histone 3 lysine-4 trimethylated (DHM) regions hinted at a regulatory role in conferring the
improved drought stress tolerance phenotypes. To further investigate this putative regulatory role mo-
tif enrichment was performed on the conserved non-coding regions associated to the DE and DHM
genes. A significant overrepresentation for W-box, DROUGHT-RESPONSIVE (DRE) elements, and
ABSCISIC ACID-RESPONSIVE (ABRE) motifs was observed (Fig. 7.2). Screening of the conserved
regions 1,000-bp upstream of all DE and DHM genes with these motifs recovered 23.7% of the DE
genes and 18.9% of DE and DHM genes together. This screening also identified putative WRKY, AP2-
EREBP DEHYDRATION-RESPONSIVE ELEMENT BINDING (DREB) family, and basic Leu zipper
TFs downstream of drought-responsive genes. Finally, DE and DHM genes containing W-box, DRE
sites, and ABRE motifs retained TF, kinase, and drought stress-associated GO term enrichments con-
firming roles for WRKY, AP2-EREBP DREB, and basic Leu zipper TFs as master regulators in the
energy use efficiency/PEG selection-improved drought stress tolerance signaling.
Figure 7.2: Cis-regulatory element enrichment analysis of DE genes enriched in H3K4me3. Enrichment of W-box, DRE
site, and ABRE motif occurrence in conserved noncoding sequences upstream of DEGs and/or DHM genes. Sequence logos
used in mapping are shown below the graph. *, Not significant (P > 0.05). Source: Verkest et al, 2015
Prioritization of TFs influencing root growth under water deficits in soybean (Lin et al., unpublished)
The reproductive success and survival of plants is determined by their ability to locate and extract wa-
ter in drying soil. An important adaptation to water-limited conditions shared by several agronomic
species, including soybean, is the maintenance of primary root elongation at low water potentials. To re-
veal possible underlying molecular mechanisms in this process, an integrative methodology was applied.
Analysis of soybean root elongation zone spatial and temporal gene expression profiles in response to
water deficit conditions, led to the identification of 279 differentially expressed genes. The promoter
regions of these genes were screened for over-represented motifs and a total of 89 cis-regulatory ele-
ments were discovered. Since motif-finding tools may generate many false positive candidates due to the
fact that TF binding sites are often short and certain degeneracy occurs in the binding motif, these cis-
regulatory elements were integrated with CNS data for soybean. This integration identified 49 conserved
cis-regulatory elements. GO enrichment of the genome-wide conserved target genes of these elements
revealed enrichment for abiotic stress response, hormone signaling and development. A number of these
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conserved cis-regulatory elements were validated using a dual luciferase assay to confirm the inducibility
of selected motifs/promoters by drought-related treatments and were shown to drive gene expression in
water limiting conditions.
Similarly as the workflow presented in Chapter 6, these three examples illustrate how the usage of
conservation as a highly specific filter can help in elucidating molecular pathways and functionally char-
acterizing TFs and their target genes.
Interpretation of noncoding variants associated with traits.
Recently, genotypic data across many accessions as well as the associated phenotypic data (such as trait
related and gene expression measurements) have become available and large scale analyses have been
applied in order to uncover the genomic loci or SNPs that underlie these different traits (Alonso-Blanco
et al., 2016; Gan et al., 2011a; Atwell et al., 2010). Genome-wide association is frequently utilized
approach that examines the frequencies of different genotypes with respect to the studied phenotypes and
produces lists of significant associations. Most of the genes affected by such a regulatory change have
been found to encode transcription factors that regulate the underlying processes. Because of the large
and pleiotropic impact of mutations in the DNA binding domain of TFs (trans) a lot of these regulatory
changes occur as cis-regulatory mutations. The cis-regulatory mutations usually reside upstream of the
targeted gene and often affect spatial and/or temporal expression. The relevance of TFBS in maintaining
basal cellular processes is illustrated by the large number of single nucleotide changes in TFBS associated
with human diseases and cancer (Maurano et al., 2012). A similar trend is observed in plants where loci
with roles in crop domestication involve changes in transcriptional activity. A recent study reported that
67% of genes deemed domestication and/or diversification loci, to be TFs or transcription co-regulators
(Meyer and Purugganan, 2013). Loci associated with modern breeding that contribute to crop yield,
quality or adaptation to novel environmental conditions also correspond to TFs. 43% of the causative
mutations associated with these genes were found to be in cis-regulatory regions (Meyer and Purugganan,
2013). Examples of quantitative trait loci involved in domestication or crop improvement are becoming
more prevalent. Kloosterman and co-workers detected a major (QTL) involved in potato tuberization in
northern latitudes (Kloosterman et al., 2013). The bitter taste in cucurbits was found to be caused by the
Bitter fruit TFs involved in cucurbitacin synthesis (Shang et al., 2014). An example of a cis-regulatory
mutation was observed in rice were a causative mutation was pinpointed to the promoter of the GRAIN
WIDTH 7 gene which improved both grain appearance and quality without generating a yield penalty
(Wang et al., 2015b).
Genome-wide association studies often have a limited ability to pinpoint the causal SNP because of
linkage disequilibrium (LD) and offer little insight into the biological mechanisms that mediate the pro-
posed associations. Due to the growing implications that DNA variation within regulatory sequences
is causative in the improvement of traits and establishment of new developmental features, these is-
sues could be partially solved through integration with functionally related properties of regulatory se-
quences. Recent studies have shown that sets of eQTLs are enriched for CNSs, open chromatin regions,
TF ChIP-seq bound regions and gene expression promoting histone marks compared to non-regulatory
background SNPs (Lappalainen et al., 2013) (Osbourne et al., Unpublished). By making use of this
principle Weirauch and colleagues found a causal mechanism for a previously detected eQTL of the
AT5G47250 gene (Gan et al., 2011a). The identified SNP leads to a loss of a potential binding site for
the VNI2 TF, predicted through PBM TF binding specificity detection and motif screening in promoter
of this gene (Weirauch et al., 2014). More advanced approaches have been developed that incorporate
functionally relevant annotations and genomic features within the algorithms that attempt to identify the
relevant SNPs rather than overlapping the datasets afterwards. All functional annotations are assigned
weights that represent the likelihood of having an effect on gene expression and these weights are used
to further prioritize SNPs (Gaffney et al., 2012) (Fig. 7.3). The implementation of such a framework
in plants, incorporating conserved binding sites as functional annotations among others, could lead to
unravelling the causal regulatory mechanisms underlying the variation in phenotype or expression.
Owing to the recent developments in genome editing through technologies such as TRANSCRIP-
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Figure 7.3: Schematic representation of integration of functional annotations with eQTLs. Different functional annota-
tions are assigned weights and are integrated with the predicted eQTLs. This leads to a reprioritization of the eQTLs putatively
identifying the causal one. Source: (Levo and Segal, 2014)
TION ACTIVATOR-LIKE EFFECTOR NUCLEASE (TALEN) and clustered regularly interspaced short
palindromic repeat/CRISPR-associated protein 9 (CRISPR/Cas9) this improved understanding of cis-
regulatory variation can be applied in breeding strategies for crop improvement. A striking example of
such a targeted mutagenesis was shown for the rice gene Os11N3. The pathogen Xanthomonas oryzae
uses the TALE effector AvrXa7 binds the effector-binding element in the promoter of the Os11N3 gene
in order to activate its expression. Through this mechanism it can abuse the sugar metabolism of the plant
for its own benefit. Disruption of this cis-regulatory element through us of TALEN resulted in tolerance
to Xanthomonas strains carrying the AvrXa7 effector (Li et al., 2012a).
7.3 Overview and Future Perspectives for Network Inference in Plants
A rise in TFBSs data availability
Throughout this thesis, the number of TFBSs, modeled as PWM or consensus sequence, available for
Arabidopsis has greatly expanded due to large-scale efforts to study the DNA binding specificities of
TFs. At the time of the research presented in chapter 3 we were able to bring together 436 binding sites
for 176 TFs from various sources (Fig. 7.4). This dataset contained mostly consensus sequences but also
a few PWMs obtained from the AGRIS (Davuluri et al., 2003), PLACE (Higo et al., 1999) and Athamap
(Steffens et al., 2004) databases and a literature study. The emergence of PBMs as a high-throughput
method for profiling TF binding specificities substantially enlarged the number of TFBS data and for the
research presented in chapter 4 a total of 1,164 binding sites was available for 681 TFs (Weirauch et al.,
2014; Franco-Zorrilla et al., 2014; Lindemose et al., 2014). DNA affinity purification sequencing (DAP-
seq) is novel high-throughput methodology that was recently published (O’Malley et al., 2016). DAP-seq
is a high-throughput TF binding site discovery method that interrogates genomic DNA with in-vitro-
expressed TFs. This methodology was performed for 1,812 TFs and retrieved binding site information
for 529 TFs. All these datasets together currently result in a total of 1,691 PWMs for 919 TFs. As big
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of a leap as this may be, this still does not cover even half of the predicted 2200 TFs in Arabidopsis
and ongoing efforts will be required to uncover the complete cistrome(Jin et al., 2014). This increase
of TFBS data does however offer opportunities for the inference of gene regulatory networks. The first
conserved binding site gene regulatory network presented in Chapter 3 consisted of 40,758 TF-target
gene interactions. A recent update of this network was performed integrating all available TFBS data
available currently (Fig. 7.4). In this analysis the CMM approach presented in Chapter 4 was applied to
this dataset. This resulted in an extended conserved motif network of 340,893 interactions for 874 TFs
and as such greatly increasing the size and coverage of the network.
Figure 7.4: Overview of TFBSs availability throughout this thesis. The number of TFBSs and TFs covered by each
screen or methodology are shown respectively as blue and green bars. A cumulative line plot is drawn for each illustrating the
aggregation of data.
Evaluating network inference strategies
A central theme across all chapters in this thesis was linking TFs to their correct target genes in order
to reveal their biological functions or unraveling the underlying regulatory mechanisms of observed re-
sponses to stimuli and phenotypes. Different types of data and methodologies were utilized. In order
to obtain an unbiased performance estimate of these approaches, all approaches used in this thesis were
compared in a benchmark together with other inference methods. The gold standard to compare all
approaches to was constructed from all validated interactions in AtRegNet, a review article on known
interactions in secondary cell wall development and large scale data mining effort on 974 peer reviewed
articles called Arabidopsis Transcriptional Regulatory Map (ATRM) (Yilmaz et al., 2011; Hussey et al.,
2013; Jin et al., 2015). The network inference approaches examined were simple mapping of TFBSs
across the promoters of all genes in the Arabidopsis thaliana genome and filtering these predicted bind-
ing sites with CNS data and open chromatin data. Co-expression approaches measure similarity at the
output level of transcriptional regulation. In this analysis two co-expression based approaches were
tested, determining the Pearson correlation between a TF and a target gene is very widely used to build
co-expression clusters around a TF. As a second approach, GENIE3 a reverse engineering tool for re-
constructing regulatory networks based on expression data was used (Huynh-Thu et al., 2010). This tool
was shown to be the best performing in a large-scale benchmark (Marbach et al., 2012a). An integration
of co-expression clusters with TFBS enrichment was also tested. In this analysis TFBS enrichment was
performed on the co-expression cluster around each gene in the genome, all enriched TFs were linked
to the genes in the co-expression cluster containing a binding site for this TF. Publicly available data
generated by two experimental techniques, Y1H and TF ChIP-seq, was also evaluated next to these com-
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putational inference methods(Brady et al., 2011; Li et al., 2014; Tian et al., 2014; Heyndrickx et al.,
2014; Taylor-Teeples et al., 2015). All inferred networks were compared to the gold standard in terms of
recovery of true edges and the enrichment of a network towards the gold standard (calculated as the ratio
between recovery of true edges for the actual network and randomised networks), which functions as a
proxy for specificity (Fig. 7.5).
Figure 7.5: Overview of benchmark of different network inference methods. The number of interactions for each approach
is displayed both as a number and is also reflected in the size of the circel, the recovery of known interactions is displayed both
as a number and as a barplot in green and the enrichment towards known interactions is also displayed as a number and as a
bar plot in blue.
The TF ChIP-seq network seems to perform best with a high recovery and high enrichment of the
gold standard, Y1H also performs well with lower recovery but higher specificity. However, both of
these experimental techniques have limited coverage. The genome-wide binding profiles of only around
30 TFs have been profiled in Arabidopsis and Y1H is mostly used to screen a set of candidate genes with
a library of TFs resulting in a limited set of validated target genes. These limitations are mostly the costs
and labor intensiveness of these techniques and are also the main reason why computational predictions
are still relevant at this point. The best performing computational method is binding site conservation
with a recovery of true interactions at the level of Y1H but strong enrichment towards the gold standard
network compared to the other computational methods. Both other TFBS mapping strategies recover
larger fractions of true edges but suffer from low specificity, resulting in a low enrichment value. The
simple mapping of TFBS is known to result in many false positives because TFBSs are often short and
typically contain some level of degeneracy in the binding motif (Tompa et al., 2005). The usage of
open chromatin as a filter in this case is an aggregation of data from multiple tissues and conditions
and this might, because of the sheer size of genomic regions withheld, introduce false positives in this
manner. Open chromatin as guiding data is quite likely best used when the tissue or condition are
corresponding to the research question under investigation. The usage of genomic footprints obtained
from open chromatin data could offer a solution to this problem but to this date only one such dataset
is available for Arabidopsis (Sullivan et al., 2014). An advantage of CNS to filter the TFBSs is that it
is unbiased towards specific conditions or tissues. On the other hand, binding site turnover and network
rewiring are known limitations that make functional binding sites undetectable through conservation
analysis. Co-expression based approaches are also not biased towards condition dependency given the
use of sufficiently large and diverse sampling of expression measurements and do not consider TF motif
information as such, co-expression based approaches are able to pick up indirect targets regulated by
intermediate TFs. Both co-expression based approaches perform relatively well, Pearson correlation co-
expression has the second highest enrichment towards the gold standard and GENIE3 displays a good
balance between recovery of true edges and enrichment. The integration of TFBS and expression data
performs very well displaying a good recovery of true interactions. This approach was frequently used
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with success throughout the work presented in this thesis. The enrichment is also higher than other
computational methods with the exception of conserved TFBS and Pearson correlation co-expression. In
general, methods that were used throughout this thesis have performed well in this benchmark.
Future perspectives for computational network inference in plants
Apart from evaluating the performance of different approaches, the similarity between inference ap-
proaches was also analyzed by looking at the enrichment of the delineated networks towards each other
(Fig. 7.6). The different approaches show rather low enrichment towards each other with the exception
of the two expression based approaches, which is to be expected, and TFBS conservation with TF ChIP-
seq. The absence of strong similarities between the different approaches opens possibilities for further
integration of these datasets given their individual merits. Previous work has shown that networks de-
rived from different types of data may be affected by different shortcomings and that interactions that
were predicted by one approach were not necessarily predictable by the other, further demonstrating the
need to integrate complementary data sources (Marbach et al., 2012a). In machine learning integration
is often split up in two categories: Supervised learning approaches make efficient use of the available
prior knowledge of known interactions to build a model for handling new data, whereas unsupervised
learning approaches are unbiased towards prior knowledge. Supervised strategies are generally consid-
ered more powerful when a large amount of existing knowledge is available to guide model inference. In
organisms with little or no training data unsupervised strategies could prove very useful. Unsupervised
integration of predictions at the level of inference methods starting from the same type of input data has
shown robust performance on different validation data sets (Marbach et al., 2012b). Similarly predicting
regulatory edges by integrating diverse complementary data sets as input features making use of a gold
standard of previously validated interactions was shown to be a powerful and robust tool for the inference
of transcriptional gene regulatory networks in E. coli and Drosophila melanogaster (Ernst et al., 2008;
Marbach et al., 2012b).
As more research in plants is moving towards integrative approaches model-based integration of mul-
tiple datasets by is becoming more important (Brady et al., 2011; Taylor-Teeples et al., 2015; Walley
et al., 2016). Ideally, emerging research questions in the field of regulatory genomics should be tackled
with the generation of complementary datasets, analyzed with integrative methods, actively leveraging
the method- and/or data-specific advantages with regard to the gene regulatory networks of interest.
7.4 Network Conservation and Translation Across Species
Although Arabidopsis has been a successful model species, which will continue to lead the forefront
in plant research and provide important insights, transferring this knowledge to economically more in-
teresting species will greatly improve the societal value of plant research. The idea that organs with
conserved functions across plants (e.g. roots for water and nutrient uptake) should also have conserved
functional organization is a paradigm underlying the use of these model organisms. In the case of tran-
scription regulation however, small changes in gene expression control have been shown to be major
contributors to phenotypic diversity. Until recently, detection of TFBSs across species was almost ex-
clusively performed using conservation analysis with relative success both in humans, plants and other
species (Lindblad-Toh et al., 2011; Haudry et al., 2013; Van de Velde et al., 2014; De Witte et al., 2015;
Van de Velde et al., 2016). Nevertheless, conservation analyses lack direct evidence of binding and can-
not resolve spatiotemporal patterns of transcription factor binding. Next to these points, these types of
analyses also have limited power to detect lineage-specific regulatory changes depending on the set of
species included (Alfoldi and Lindblad-Toh, 2013).
Over the last years TFBS conservation has also been assessed experimentally through TF ChIP-seq,
tackling the limitations of conservation analyses. The first study to experimentally profile the binding
patterns of four orthologous TFs across species revealed that 41 % - 81 % of the individual binding events
were species specific (Odom et al., 2007). As more analyses of TF binding conservation accumulate
these numbers were confirmed. It seems that greater divergence time leads to lower conservation within
groups of species, but that there are differences between groups of species as Drosophila species show
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Figure 7.6: Overview of network enrichment compared to all other networks. ns indicates that no significant enrichment
could be detected between two networks.
higher conservation when compared with mammals given a same evolutionary distance (Villar et al.,
2014). This same study also concluded that the role of the TF might have an influence on binding site
conservation. A comparison between Arabidopsis thaliana and Arabidopsis lyrata found that around 21
% of binding events were conserved, which is in line with findings from other kingdoms (Muino et al.,
2015). To this day it remains challenging to clearly differentiate functional binding from putatively non-
functional or background binding (Fisher et al., 2012). As such, the consistent conclusions that many
single binding events are not conserved could point towards the non-functionality of certain binding sites.
This point is further strengthened by the finding that while many binding events were species-specific,
the binding events associated with genes that show a change in expression response upon perturbation
of the TF in question were highly conserved (Boj et al., 2009). In a recent publication, binding profiles
were created for 34 orthologous TFs in concert with chromatin modifications. Around half of the bound
regions could be aligned between human and mouse. Within the set of bound regions that could be
aligned, some factors exhibited no conserved binding events whereas for others up to 60 % of binding
events were conserved, showing that it is indeed highly factor dependent (Cheng et al., 2014).
Next to experimental limitations there are also evolutionary mechanisms that cause changes in TF
binding. In plants these evolutionary forces are present both on the binding site level and on the gene
level. Mutations have long been thought to be a fundamental cause of binding site turnover, but recently
comparative analysis have shown that, at best, a substantial minority of transcription factor binding dif-
ferences can be attributed to alterations in directly bound genetic sequences. A recent TF ChIP-seq
comparative study indicates that sequence changes in the TF binding motif only provide an ex- planation
for a minority (12-40 %) of TFBS variation (Villar et al., 2014). Besides the occurrence of mutations in
binding sites, another mechanism to create new TFBSs is transposition (Schmidt et al., 2010). In plants,
E2F TFBSs might have been amplified by transposon activity in Brassicaceae species (Henaff et al.,
2014). Plant genomes have undergone frequent polyploidization and small-scale duplication events,
which have resulted in a very complex relationship between orthologous genes (Proost et al., 2009).
After duplications, genomic rearrangements and gene loss can occur, but also neo- and subfunctionaliza-
tion. These changes in gene function can lead to regulatory changes further impeding a straightforward
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interpretation of binding site evolution (Airoldi and Davies, 2012; Moghe and Shiu, 2014).
In recent years many computational tools have been developed for reconstructing GRNs and studying
network evolution in other model organisms than plants (Thompson et al., 2015). An outstanding chal-
lenge in plant regulatory genomics would be to devise an efficient computational framework to study the
reorganization of GRNs, as most of the previously developed methods are not adapted to the complex
orthology relationships in plants. Such a framework should exploit the wealth of TFBS data that has be-
come available in Arabidopsis to generate species-specific bindings site models through integration with
orthology, conservation and dedicated expression data. A large-scale prediction of network rewiring and
reconstruction of ancestral states could prove very useful for studying GRNs in crops.
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SUPPLEMENTAL DATA FILEA
Detection of Conserved Noncoding Sequences in
Arabidopsis
A.1 Supplemental Figures
Figure A.1: Overview of synteny conservation between Arabidopsis and other dicot species. This figure shows the per-
centage of orthologous genes for each Arabidopsis gene for which the flanking genes were conserved by collinearity. Criteria
to score collinearity conservation were: 1) whether the genes upstream and/or downstream of the ortholog in the comparator
species were orthologous to the genes upstream and/or downstream of the Arabidopsis test gene and 2) whether these orthologs
maintained the same relative orientation. In the figure complete (both upstream and downstream)(white box), upstream (grey
box) and downstream (black box) conservation is shown. Asterisks indicate species included for phylogenetic footprinting
(Arabidopsis lyrata was excluded due to a non-saturated substitution pattern).
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A. DETECTION OF CONSERVED NONCODING SEQUENCES IN ARABIDOPSIS
Figure A.2: Distribution of genes that have orthologs in the dicot comparator species for each orthology detection
method. The number of Arabidopsis genes with orthologs in different comparator dicot species is depicted for the integrative
orthology (purple boxes) and BHIF method (blue boxes), respectively (left y-axis). A cumulative overview is also shown for
both methods (purple and blue line, respectively) showing the total percentage of genes for which orthologs could be delineated
(right y-axis).
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A.1. Supplemental Figures
Figure A.3: Recovery of experimental AtProbe elements using different phylogenetic footprinting approaches. A) For
the different phylogenetic footprinting approaches developed in this study, the recovery of AtProbe elements was determined.
Black boxes show the percentage of recovered elements while white boxes show the percentage of uniquely recovered elements.
The black line shows the cumulative recovery over all methods. B) A venn diagram was constructed for the four methods that
recovered AtProbe elements. The number of recovered elements for Sigma are displayed in black, for ACANA in green, for
Seaweeds 60 in yellow and for CMM in purple.
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A. DETECTION OF CONSERVED NONCODING SEQUENCES IN ARABIDOPSIS
Figure A.4: Recovery of AtProbe elements for the CNSs described in this paper (A) and by Haudry et al. (2013)(B).
Black lines denote upstream sequences, colored boxes depict AtProbe elements, and black boxes show significant CNSs.
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A.1. Supplemental Figures
Figure A.5: Enrichment and overlap of in vivo functional regions with CNSs. Grey boxes show the fold enrichment of
different histone marks and DH sites. Black diamonds show the percentages of CNSs that overlap with each in vivo functional
region dataset.
Figure A.6: Comparison of fold enrichment for in vivo functional binding site regions. Fold enrichment for in vivo
functional binding sites is shown for our CNSs dataset (white boxes),simple motif mapping (grey boxes) and motif mapping
within DH sites (black boxes).
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A. DETECTION OF CONSERVED NONCODING SEQUENCES IN ARABIDOPSIS
Figure A.7: GO enrichment for all TF-targets in the predicted GRN. A heatmap was generated using Genesis that displays,
per TF, the enrichment of target genes towards GO slim annotations (hypergeometric distribution + Bonferroni correction). The
number of target genes for each TF is shown in parenthesis. The color gradient shows the p-values of the different enriched
gene sets.
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A.1. Supplemental Figures
Figure A.8: Evaluation of the biological relevance of highly and moderately conserved interactions using the biological
validation metrics. Comparison of the five biological metrics for the predicted sub-networks with highly (blue boxes, >6
species) and moderately (purple boxes, 2-6 species) conserved interactions. Fold enrichments are shown for the CORNET
stress and developmental expression compendia, Gene Ontology annotations, Mapman annotations and Functional modules.
All reported fold enrichments are significant (p-value < 0.05).
Figure A.9: Comparison between experimental and predicted GRN of co-expressed target genes in different conditions.
The fraction of target genes showing specific co-expression in each condition is displayed. Co-expression in this figure was
based on a Z-score greater than 2 or smaller than -2, this coincides with the 5% extremest co-expression relationships. Ex-
perimental refers to experimentally supported interactions, whereas predicted refers to the interactions that were identified in
this chapter. The color gradient shows the fractions of the target genes. The total number of target genes showing specific
co-expression for each TF is shown in parenthesis.
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A. DETECTION OF CONSERVED NONCODING SEQUENCES IN ARABIDOPSIS
Figure A.10: A condition-specific GRN for PI and AP3 based on hormone-specific TF-target co-expression edges. Genes
that have GO annotations related to flower development are displayed. ChIP-bound regions associated with the target gene are
shown as dashed lines while differentially expressed genes are shown by an arrowhead for up-regulation and by a vertical line
for down-regulation, respectively. Red diamonds are the source TFs, grey diamonds are target genes that are TFs and rounded
rectangles are other target genes. Rounded boxes depict different GO biological processes.
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SUPPLEMENTAL DATA FILEB
Detection of CNSs in ten dicot species
B.1 Supplemental Figures
Figure B.1: Overview of new motif page in PLAZA 3.0 Dicots platform. A) Information about the binding site and overview
of the total number of target genes. B) Breakdown of the target genes per species and genomic region. C) Toolbox for further
downstream analysis.
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SUPPLEMENTAL DATA FILEC
Detection of CNSs in Monocot species
C.1 Supplemental Figures
Figure C.1: Overview of conserved motifs for different thresholds. This figure displays the number of genome-wide con-
served motifs for both alignment-based and alignment-free discovery for different values of Cthres and Fthres and different
subsets of the six BLS thresholds Ti (T1 = 15%, T2 = 50%, T3 = 60%, T4 = 70%, T5 = 90% and T6 = 95%). Top num-
ber: real Monocot dataset; bottom number between brackets: random dataset generated using a zeroth-order Markov model
(conservation of 1-mer frequencies). The colors represent the false discovery rate.
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C. DETECTION OF CNSS IN MONOCOT SPECIES
Figure C.2: Example of CNSs for an orthologous family. Conserved regions in the promoters of the genes in gene family
iORTHO00001 corresponding to motif instances with BLS ≥ 15%, F ≥ 20 and C ≥ 0.9, i.e., high-scoring motifs that are
conserved in at least two species. The height of the bars corresponds to the number of distinct motif variants that map to that
location. Note that the y-axis has been truncated at 100: certain loci in this gene family are covered with up to 18 418 distinct
motif variants.
Figure C.3: Example of CNSs for an orthologous family. Conserved regions in the promoters of the genes in gene family
iORTHO00001 corresponding to motifs instances with BLS≥ 95%, F(95%)≥ 50 and C(95%)≥ 0.9, i.e., motifs conserved in
all four species. The height of the bars corresponds to the number of distinct motif variants that map to that location. Note that
the y-axis has been truncated at 10: certain loci in this gene family are covered with up to 568 distinct motif variants.
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SUPPLEMENTAL DATA FILED
A NAC binding site landscape in Arabidopsis
D.1 Supplemental Figures
Figure D.1: Sequence conservation and identity of NAC protein DNA binding domains. A) NAC DNA binding domain
sequence similarity tree for all studied NAC proteins shows 3 main clusters for our candidate TFs. Cluster I contains ANAC092,
NST2, SND1, VND3, VND7, ANAC019, ANAC055, ATAF1 and NAP; Cluster II contains NTL6 and NTL8 and, finally, Cluster
III contains VOZ2, ANAC003 and SOG1. B) Multiple sequence alignment of the DNA binding regions of the selected 14 NAC
proteins. Residues that based on the x-ray model of the ANAC019-DNA complex are close to DNA are shown by a bar. Residues
marked with black boxes are common to at least half of the sequences and residues marked in grey boxes are chemically similar
in half of the sequences. Asterisks highlight those residues showing remarkable divergence between NTL6, NTL8 and the
remaining NAC proteins.
121
D. A NAC BINDING SITE LANDSCAPE IN ARABIDOPSIS
Figure D.2: Disorder prediction in ANAC092. ID prediction of ANAC092 was performed using PONDR-FIT (Xue et al.
2010). A threshold is applied with disorder assigned to values ≥ 0.5.
Figure D.3: Overview of ES distributions. A) Boxplots of ES distributions for 130 signature 6-mers for all tested TFs. TF
boxplots are grouped according to clusters in Figure 1A. B) List of the 130 key 6-mers describing NAC DNA specificities as
presented on the x-axis of all boxplots.
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D.1. Supplemental Figures
Figure D.4: Overview of the number of target genes for different NAC TFs and filtering approaches. The number of
target genes is shown for each TF. Blue bars indicate the number of P target genes through simple screening of promoters with
high scoring k-mers. Green and yellow bars show the number of target genes when integrating co-expression information and
conserved motif information, respectively.
Figure D.5: Overlap analysis of different sets of PBM target genes and enrichment analysis for differentially expressed
genes. Bars show the number of target genes for different PBM filtering approaches. COE and Conserved refer to the inte-
gration of co-expression and motif conservation information, respectively. DE refers to integration of differentially expressed
gene sets. Purple, grey and yellow lines display enrichment for DE genes for P targets, integration with co-expression and
integration with conserved motif information, respectively.
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D. A NAC BINDING SITE LANDSCAPE IN ARABIDOPSIS
Figure D.6: Clustering of NAC TFs based on shared target genes. The overlap between P+COE target genes for all TFs was
measured and clustered using hierarchical clustering with complete linkage (with Pearson correlation as a distance metric).
Overlap was defined as the fraction of target genes for TF row shared with TF column and ranges from 0 to 100%.
Figure D.7: Overlap analysis of DE genes and P+COE target genes for ANAC055, ANA092 and ANAC019. Overlap
between DE genes and P+COE target genes illustrates the redundancy in target genes that exists between these TFs. P+COE
refers to predicted target genes combined with co-expression information.
124
D.1. Supplemental Figures
Figure D.8: Clustering of NAC TFs based on shared target gene modules. Based on the enriched modules per TF (P+COE
target genes), hierarchical clustering was performed on both TFs and modules. Enrichment folds are displayed as different
colors in the heatmap.
Figure D.9: Overview of stress-responsive expression profiles for the different NAC TFs. Expression levels in different
stress conditions were clustered for all TFs using the BAR Toronto Expression Browser (Stress series).
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D. A NAC BINDING SITE LANDSCAPE IN ARABIDOPSIS
Figure D.10: ANAC092 and NTL6 show non overlapping k-mer signatures. For each protein, the red box shows the ES
distribution of k-mers containing the TACGTC key k-mer, which is specific for Cluster 1a and 1b proteins. The green box shows
the ES distribution of k-mers containing the TAAGTA key k-mer, specific for Cluster 3 proteins.
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